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Abstract
Mental health is a major health problem for many Canadians. Methods to predict ex-
pected mental health care resource use are an essential component in balancing the needs of
the population and equitable allocation of limited health care resources. This research exam-
ined the relationship between the resource use of community mental health services and the
characteristics of their clients using a case-mix classification approach.
A scoping review showed that most of the research on this topic focused on inpatient psychi-
atry settings. The number of identified studies (n=17) and case-mix systems (n=32) reflected
the modest level of research activity in this area.
Secondary analyses were done with a sample of adults discharged from a local psychiatric
hospital unit in Ontario (n=4,688 discharges) that was tracked to examine the use of commu-
nity mental health services after discharge. Only about half of the discharges subsequently
used publicly funded community mental health services. Further, only n=1,207 discharges had
services initiated within 30 days and were not censored by readmission. Clinical characteristics
measured at discharge from inpatient psychiatry were associated with observed use and high
use (as binary variables) of community mental health services post-discharge. Usage of services
specially designed for persons at risk of self-harm and harm to others (as binary variables) were
also associated with higher risk of self-harm and harm to others measured at discharge.
A community episode of 90 days from first contact with the community mental health agency
post-discharge appeared to be the most practical for implementation. Two high performing case-
mix classification systems were examined for their possible predictive utility for post-discharge
community mental health service use. The System for Classification of In-Patient Psychiatry
(SCIPP) achieved 6% explained variance of community resource use for an episode. When prior
contact with the community mental health agency within 30 days prior to the inpatient episode
was included, the model with SCIPP explained up to 14.1% of variance in resource use. The
Australian Mental Health Classification (AMHCC) was found to be not immediately applicable
outside of the Australian context, and most of its explained variance was likely attributed to the
“phases of care” that are subjectively determined by clinicians at the beginning of an episode.
The remaining components of the AMHCC explained only 1.2% of variance in resource use.
Using machine learning, new classification models using discharge clinical characteristics
achieved up to 12% of explained variance in cross-validation. The two simplest decision tree
models showed similar performance in cross-validation as more complex models. Although
machine learning identified relevant relationships between clinical characteristics and observed
resource use, some relationships required human expertise to adjust to align with the goals of
the health care system. This was exemplified by a manual decision tree model that achieved
11.1% explained variance on the development data set. These results pointed to the need for
additional research to: expand the sample size; include a broader range of community mental
v
health service users; use more contemporaneous clinical assessment data measured at commu-
nity service initiation; and broaden the participation of community mental health agencies.
Although clinical characteristics measured at discharge yielded only modest predictive utility,
designing a system that could leverage both inpatient information and community agency as-
sessment information could improve both predictive utility and care integration across the care
continuum. Further development of case-mix classification for community mental health will
require a broad collaboration across the health care system.
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Globally, mental health illness could account for as much as 32% of years lived with disability
(YLDs) and 13% of disability-adjusted life-years (DALYs) [1], as well as direct costs (such as
treatment, prevention, rehabilitation) and indirect costs (such as lost wages and lost productiv-
ity) of about USD 2.5 trillion in 2010 [2]. It is estimated that one in five people in Canada lives
with mental health illness or substance use problems [3]. The total economic burden, which
includes health care costs and indirect costs attributable of mental health and addiction, in
Canada is estimated to be about $50 billion per year in 2011, rising to about $88 billion by
2021 [4]. This places mental health and substance use among the costliest health problems in
Canada [3, 4], in comparison to the economic burden of cardiovascular diseases of about $12
billion and cancer of about $5 billion in 2008 [5].
1.1 Mental Health
The World Health Organization defined mental health as “a state of well-being in which the
individual realizes his or her own abilities, can cope with the normal stresses of life, can work
productively and fruitfully, and is able to make a contribution to his or her community” [6].
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This definition is a major step forward in recognizing that mental health well-being is not simply
the absence of mental health illness [7]. Additionally, it also recognizes the importance of an
individual’s environment and community in one’s mental health.
Although the absence or presence of mental health illness alone does not define an individual
overall mental health, defining the mental health diagnostic categories is essential is differenti-
ating the type of case and potential care plans. Currently, there are two main mental health
diagnostic classification systems, the International Classification of Diseases and Related Health
Problems (ICD) and the Diagnostic and Statistical Manual of Mental Disorders (DSM). The
ICD included diagnoses for all of medicine, and DSM focuses only on mental health. These two
classifications were developed in coordination with each other and shared a compatible coding
scheme [8]. In addition to being used as part of the delivery of care, the diagnostic codes can
also be used for the purpose of financing in a health care system.
1.2 Mental Health Care
Specialty psychiatric hospitals used to be the primary way of delivering mental health care [9].
In the past few decades, in Canada and in many countries, mental health care has undergone
a transformation that shifted care from primarily inpatient settings within a hospital towards
care that is delivered in community settings, often referred to as deinstitutionalization [9–11].
Although the number of specialty psychiatric hospitals have decreased, more psychiatric units
were opened within general hospitals as well as residential care facilities, which contributed to
the decrease in stigma and increase in care coordination across clinical professions [2, 8, 12].
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Inpatient psychiatry is still an important component of the health care system for crisis and
intensive care [8].
Community mental health care is described by the World Health Organization as a sec-
ondary care provided in a community settings that often do not require overnight stay, such
as at home, outpatient clinic, or office, that are provisioned to assess and treat mental health
illness by mental health professionals but not by primary care physicians [13]. While the exact
services offered and their availability vary widely across jurisdictions, community mental health
services generally include collaborative care models that bring together many professionals, peer
support, and residential care [8]. Community mental health services can range from intensive
or urgent care (such as assertive community treatment) to less intensive care (such as peer
support group or therapies)
The trend in deinstitutionalization is expected to continue. In addition to the reduction
in stigma of seeking mental health services, the volume and demand of community mental
health services, therefore, are expected to also increase in the future. In 2012, the Mental
Health Commission of Canada recommended an increase of two percent in funding for mental
health services and social programs, in addition to increasing the proportion of health spending
devoted to mental health to nine percent by 2020 [14]. While the amount of the total funding is
always crucial, an equally important line of inquiry is how community mental health services are
financed and whether the health system has the tools to make appropriate funding allocation
decisions [2, 15].
As of 2019, mental health services for both inpatient and community settings in Ontario
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are organized and funded by the local health integration networks (LHINs) [16]. The LHINs
typically enter an agreement with the providers to provide a set of services for residents of a
geographical area in return for funding on an annual basis [17]. Funding for children mental
health services may also come directly from the provincial Ministry of Children, Community
and Social Services [16]. Likewise, targeted intervention programs may also be funded by local
or provincial governments [16].
1.3 Health Care Funding
There are many methods to pay health care providers for the health care services they provide.
This section outlined the most common methods, their strengths, and weaknesses. It is worth
noting that a funding formula may use more than one funding methodologies, with each method
contributing a percentage of the total funding, or different methodologies are used at different
levels of the health care system (such as one method is used for payment to regional health
authority, and another for payment to individual physicians).
1.3.1 Fee-for-Service
The simplest method of reimbursing is to pay the provider for each service [18, 19]. Typically,
the payer, either a public organization or an insurer, has a pre-determined price list for all
possible service items that they cover. In Ontario, most physicians are reimbursed under the
fee-for-service schedule established by the provincial government [20].
Fee-for-service has been blamed for driving up the health care costs and inefficiency because
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it incentivizes volume regardless of clinical appropriateness and discourages care coordination
[21]. There is a growing number of health professionals who advocate for the elimination of
fee-for-service or, at a minimum, condition the fee-for-service payments on quality benchmarks
to increase accountability [21].
1.3.2 Population-Based Funding
This method, also known as capitation funding, funds the provider, or the LHINs in the case of
Ontario, proportionally based on the characteristics and size of the population. The underlying
assumption is that populations of similar size or prevalence of diseases should have similar
health expenditures [19].
This method allows the regional health authority to have more autonomy and flexibility
in allocating resources in their own jurisdictions [19]. However, a population-based funding
formula constructed using historical data may be influenced by biases, such as inappropriate
historical usage of services or barriers to access services. If not actively corrected for, using
observed historical data for allocation may continue to reinforce inequities. Although the char-
acteristics and prevalence of diseases of a population may change over time, these changes may
be gradual and need to be continuously monitored in order to ensure that the funding responses
to the clinical characteristics of the population.
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1.3.3 Global Budget
Global budget has traditionally been used to fund hospitals or regional health authorities by
making an once-a-year payment for all services that occurred within the fiscal year [19]. The
advantage of global budget is its predictability during the fiscal year. On the other hand, it
could require lengthy negotiations every year if the providers wish to increase their funding. The
disadvantage of global budget is that the funding does not response to clinical characteristics
of the patients in a timely manner, because funding is usually fixed at the start of a fiscal year.
Additionally, since the providers only have control over the cost side of the budget, there is
potential for restricting access due to limited resources in an effort to lower expenditures, which
could result in long wait time or lowered accessibility [19].
1.3.4 Case-Mix Funding
Case-mix funding is also often referred to as activity-based funding, which is a broader concept
that funds the providers based on their activities. A case-mix funding scheme has two main
components: describing the activities using a classification system and pricing for the activities
[18, 22]. The case-mix classification system serves as a link between the clinical characteristics
driving the need of health care of an individual to the expected resources required to provide care
[18]. The underlying assumption is that individuals with similar clinical severity or complexity
should consume similar amount of health care resources [23].
The providers are reimbursed according to the case-mix classification of the clinical needs.
Because the providers are able to keep the surplus and responsible for the loss, there is an in-
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centive to be cost-efficient in providing care. The pricing component also needs to be responsive
to changes in non-clinical factors within the health care systems, such as: inflation, changes in
practice, or observed attempts to game the system [22]. Therefore, case-mix funding requires
a robust pricing component to ensure that equitable allocations across the health care system
and over time.
1.3.5 Bundled Payment
Bundled payment reimburses the providers based on a defined “bundle” of care that covers all
aspects of care of a person during a defined period of time regardless of care settings [19]. A
bundle is typically well-defined and standardized across a wide-range of patients. For example,
a knee replacement surgery bundle can cover pre-surgery therapies, surgery, and post-surgery
rehabilitation to restore function [19]. The rationale is that bundled health care services are
similar to other products and services purchased by consumers, in which consumers can make
a single payment to get what they need instead of sourcing individual components from many
different suppliers.
This method also incentivizes providers to control costs of the services because they are
responsible for the profit or loss. Since the bundle may be designed to be indifferent to care
settings, it can also incentivize care coordination, and reducing poor outcomes, such as rehos-
pitalization [19]. On the other hand, bundled payment may not be suitable for every of health
care case. For example, the outcomes of mental health care can depend on many factors beyond
the interaction between providers and patient, such as: environmental triggers, traumas, social
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relations, employment, and housing [8].
1.3.6 Pay-for-Performance
Pay-for-performance is also known as value-based payment, or pay-for-quality, which attaches
funding to a performance measure [19]. There are many possible performance measures that can
be used. Some common measures include: unplanned readmission, hospital acquired conditions,
surgical site infections [19]. Payment-for-performance is also susceptible to gaming if the criteria
are not designed well. For example, a study found that a program designed to increase outreach
to population with severely mental illness only increased the documentation of such population
but not their treatments [24].
1.4 Funding Reform in Ontario
In 2002, a Senate report on the future of the Canadian health care system emphasized the need
for a more equitable method of funding than global budget [25]. In 2012, the province of Ontario
reformed the way health care services are funded by proposing a new funding formula [26]. The
intention is to transition away from entirely global budget towards a funding formula that is a
mix of global budget and case-mix [26]. The case-mix portion will use different classification
systems appropriate for each health sectors to adjust for the reimbursement. Additionally, for
a subsets of well-defined procedures, providers are reimbursed based on a bundled price per
procedure [26]. The proportions are adjusted over time to reduce the share of global budget
relative to the other two components. The transition was planned in phases, with mental
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health sector in the later phases and yet to be implemented. As of 2019, inpatient psychiatry
and community mental health are funded based on global budget by the LHINs.
To turn the funding reform proposal into reality, case-mix classification systems are required
to support case-mix funding. While significant efforts was devoted to the development of a case-
mix classification system for the inpatient psychiatry setting, the Systems for Classification of
In-Patient Psychiatry (SCIPP) [27], less attention has been paid to a case-mix classification
system for the community mental health settings.
1.5 Overview of the Thesis
This research sought to understand the delivery of community mental health services, and the
relationship between individual-level clinical characteristics and resource use. This research is
expected to provide initial evidence to guide resource allocation for community mental health
services using case-mix funding, in Ontario and beyond.
This research started with a scoping review of existing case-mix classification systems ap-
plicable to community mental health services in Chapter 2. The rest of this research studied a
sample of adults who used public-funded services at one of the largest community mental health
agencies in Canada after they were discharged from inpatient psychiatry. The overall strategy
was to study the relationship between an individual’s clinical characteristics (indicated by their
discharge assessments from inpatient psychiatry) and their usage of community mental health
services post-discharge. Although there is a lack of high quality standardized clinical data in
the community mental health settings, this study was made possible by combining standardized
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clinical data from hospitals at discharge with individual-level resource use data from a com-
munity mental health agency. Clients of one of the largest community mental health agencies
should be characterized by a broad range of variation that is evident in the population. Lastly,
since the clinical data and resource use data were produced by two independent organizations,
there is a low risk of inflating the measurements for financial gain.
Chapter 3 described the pattern of community mental health service usage post-discharge
and examined the association between the clinical profile measured at discharge and subsequent
usage of community mental health. Chapter 4 examined whether the two existing case-
mix classification systems - System for Classification of In-Patient Psychiatry (SCIPP) and
Australian Mental Health Case-mix Classification (AMHCC) - can predict community mental
health service resource use beyond the context that they were developed for. Lastly, Chapter
5 leveraged machine learning techniques to build experimental case-mix classification systems
using the clinical data measured at discharge from inpatient psychiatry and observed community
mental health resource use.
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Chapter 2
Case-Mix Classification for Mental Health Care in
Community Settings: A Scoping Review
A similar version of this chapter was originally published as:
Tran N, Poss JW, Perlman C, Hirdes JP. Case-Mix Classification for Mental Health Care in
Community Settings: A Scoping Review. Health services insights. 2019
Jul;12:1178632919862248.
Reprinted with permission under the reuse guidelines by SAGE Publications.
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Abstract
A scoping review was conducted to summarize the nature, extent, and range of research on
case-mix classifications used to predict mental health care resource use in community settings.
This study identified 17 eligible studies with 32 case-mix classification systems published since
the 1980s. Most of these studies came from the USA Veterans Affairs and Medicare systems,
and the most recent studies came from Australia. There were a wide variety of choices of input
variables and measures of resource use. However, much of the variance in observed resource
use was not accounted for by these case-mix systems. The research activity specific to case-
mix classification for community mental health care was modest. More consideration should
be given to the appropriateness of the input variables, resource use measure, and evaluation
of predictive performance. Future research should take advantage of testing case-mix systems
developed in other settings for community mental health care settings, if possible.
2.1 Introduction
Although each person in the population is unique, there are shared characteristics that deter-
mine the types of treatments or services that individuals receive from the health care system
[28]. Recognition of this point led to the idea that there are existing groups of people with
similar characteristics that will consume similar amount health care resources and, by exten-
sion, incur similar costs of care. These groups represent the mix of cases that are observed in a
health care system, or a “case-mix” [23], which can be viewed as a proxy for the types of health
12
care needs of the population.
Case-mix classification systems can be of two types: grouping or index systems [23]. Group-
ing systems assign cases into relatively homogeneous groups in terms of their expected resource
use [23]. Each group has a weight associated to represent its expected resource use relative
to the average case in the population, also known as “case-mix index” (CMI) [23]. For exam-
ple, the Resource Utilization Group Version III (RUG-III) is commonly used in the USA and
Canada for nursing homes reimbursement [29–32]. Index systems, instead, combine different
characteristics of a case to produce a numerical value for each case that represents the expected
level of resource use, then map it to a case-mix index value [23]. An example of such a system
is the Outcome and Assessment Information Set (OASIS) used by Medicare to reimburse home
care services [33].
Case-mix classification systems are primarily used to reimburse health care providers based
on the type of patient [30]. It is worth noting that a funding formula is distinct from a case-mix
classification system. A funding formula may work by assigning a monetary amount to the
case-mix index, also known as tariff, and further adjusted based on numerous factors such as:
available funding, inflation, geographic and provider characteristics, or negotiations between
health system administrators and the providers. On the other hand, the case-mix index values
are expected to remain constant because the health care needs of one group relative to another
should not change drastically from year to year [18]. Case-mix index values can change in
rare occasions, such as changes in technologies or clinical practices, that can make a group
much more or less expensive to care for compared to others. Other applications of case-mix
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classifications include: risk-adjustment models for health outcomes or other quality measures,
and long-term planning and budgeting tools for policy makers [34].
For mental health, the delivery of care can take place in multiple settings as mental health
care has shifted from facility-based inpatient care to community-based care, as a result of
deinstitutionalization initiatives [10, 11]. Facility-based inpatient care provides intensive obser-
vation, diagnosis, and treatment typically in times of crisis [8], and usually requires a hospital
admission with one or more overnight stays [35]. Community-based care typically employs a
care team that provides a wider range of services, including both urgent and ongoing care, such
as: assertive treatment services, crisis management, outreach, recovery, housing, occupation
training, and day programs [8].
Previously, Jones et al. reviewed 16 studies between 1990 and 2005 studying predictors of
mental health service utilization and costs [36]. Hermann et al. reviewed 36 studies between
1980 and 2002 focusing on risk adjustment models of psychiatric health outcomes and costs
that included some case-mix systems [37]. Mason and Goddard reviewed only 5 international
examples of activity-based funding systems for mental health between 2006 and 2008 [38].
Harris et al. reviewed 13 case-mix classification systems for all care settings but only in some
Western countries published between 1995 and 2012 [39].
However, to date, most mental health case-mix classification systems have predominantly
focused on care in acute or inpatient settings. Given the de-institutionalization shift, it is
necessary to examine case-mix classification systems for the community settings. Therefore,
this review aimed to summarize the nature, extent, and range of the up-to-date research on
14
mental health care resource prediction using case-mix specifically in community settings, and
identify the gaps in the current research.
2.2 Methods
In alignment with scoping review methods by Arksey and O’Malley [40], and PRISMA [41],
four academic literature databases were searched: PubMed, Web of Science, PsychInfo, and
SCOPUS. Keywords were used to search the title and abstract for the presence of mental health,
case-mix, and community settings concepts: (“mental health” OR “mental ill*” OR “mental
disorder?” OR psychiatr* OR “behavio* care” OR “behavio* health”) AND (“casemix” OR
“case mix” OR “case-mix” OR “case type?” OR “diagnosis related group*” OR “patient mix”
OR “patient? group*” OR “patient? classification?” OR “patient? cluster*” OR “case?
cluster*” OR “risk adjust*” OR “case adjust*”) AND (“communit*” OR “outpatient?” OR
“out-patient?” OR “ambulatory”). Searches were done in October 2018 and included all date
ranges. Duplicates and non-English full-text articles were removed. Database searches were
also supplemented by scanning references of the eligible articles, consulting with experts and
committee members.
Articles’ titles and abstracts were then screened for relevance, followed by a screen of the
full-text. Articles were included if a case-mix classification system was used to predict resource
use of community mental health care or health care resource use of people with mental health
disorders in community settings. This review used the World Health Organization’s definition
of health care resources as the three main inputs of a health care systems as: human resources,
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physical capital, or consumable resources [42]. As in similar reviews [39, 43, 44], this review
considered studies that predict resource use using case-mix classification, rather than to simply
describe the differences in resource use among sub-groups of the study sample, or to explain
the variation in resource use by adjusting for different variables. Additionally, a predictive
study should provide a quantitative assessment of how well the predicted resource use explains
the observed resource consumption, such as the R2 value [36]. The community settings were
defined as care settings that do not require an overnight stay at the facility [35], which may
include outpatient treatments or day programs.
To capture the scope of the case-mix classification systems presented, we collected some main
characteristics from each eligible article. Specifically, we collected information regarding the
bibliography (authors, year of publication), sample data (geographic jurisdiction, care settings,
age groups, sample size), case-mix system (name, input variables, type), resource use measure
(definition of measure), and predictive performance (type, reported value). Data were then
recorded and reviewed with the committee members.
2.3 Results
This study identified 17 articles matching the criteria (Figure 2.1), which presented 33 case-mix
classification models (Table 2.1). Most were from academic sources, except for the technical
reports of the case-mix systems developed in Australia and New Zealand [35, 45, 46]. Most
studies (11 out of 17) focused only on adult population.
Most of the research came from the USA, and the largest studies came from the USA
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Veterans Affairs and Medicare systems [47–50]. However, it is worth noting that the samples
from the Veteran Affairs system were mostly adult males, and samples from the Medicare system
were adults aged 65 or older, which are not representative of the US population. The most
recent major effort came from Australia with their Australian Mental Health Care Classification
(AMHCC) [46], which was developed to predict resource use for both inpatient and community
settings and all age groups.
The input variables for the case-mix classification systems were varied. Most common
variables were: diagnosis, demographics, variables related to severity, comorbidity, or functional













2 full-text not available,
15 not community settings,
18 not case-mix,
21 not empirical study,
27 not resource prediction,




































Figure 2.1 Search Procedures for Relevant Articles
There were also a wide range of measures of resource use from the studies identified. These
measures can be roughly classified into two types: proxy measures (such as number of visits)
(Table 2.2), or direct measures (such as claims data or wage-weighted staff time) (Table 2.3).
For the direct measures, all studies used episodic basis for their resource use measures, which
summed all the relevant costs over an episode of care. Only two studies attempted to define
episodes of care that were variable based on the group or case [45, 46], while the others pre-
defined a fixed episode length for the entire sample. There were also a wide range of follow-up
times used for measuring resource use (Table 2.2-2.3), ranging from a few weeks to up to three
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years. Alternatively, another option is to calculate a direct resource use measure on a per-diem
basis, which predicts resource use per day or per visit [23], such as the System for Classification
of In-Patient Psychiatry (SCIPP) developed in Canada [27, 51, 52].
The measures of resource use could also be expressed as a continuous variable or a categorical
variable. As a result, there were also various performance metrics used to evaluate the case-
mix classification systems, but most common was the coefficient of determination (R2) for
the measures of resource use expressed as a continuous variable (Table 2.2-2.3). The R2 was
sometimes referred to as the reduction in variance (RIV), or the amount of variance in resource
use explained by the case-mix classification system. Although the R2 was commonly reported,
the differences in the measures of resource use and follow-up duration did not allow for a
meaningful comparison.
Since the distribution of the resource use was often positively skewed, some studies at-
tempted to approximate a symmetric distribution with a log transformation [53, 54] (Table
2.3). Some studies also trimmed the outliers to improve their predictive performance [35, 45]
(Table 2.3).
There were also other notable case-mix classification systems currently being used, where
activity-based funding has been implemented, such as: the Netherland’s Zorgzwaartepakketten
(ZZP) and the UK’s Mental Health Clustering Tool (MHCT) but, to our knowledge, these did
not have empirical results regarding their predictive performance. The ZZP has 38 psychosocial
care packages which classifies all ages based on psychosocial or cognitive functioning, social
skills, mobility, activities of daily living, and behavioral problems [38]. The MHCT has 21
19
groups which used the Health of the Nation Outcome Scales (HoNOS) [55] as input, then
classifies adults using diagnosis, severity, chronicity, and cognitive impairment [56]. An earlier
version of the MHCT with 13 groups reported an R2 = 10.9 % [57].
Table 2.1 Eligible studies, ordered by year of publication
Author,
Year
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Table 2.2 Empirical results of case-mix systems predicting proxy measures of resource use, ordered by
name of the case-mix system and year













CCI/MCI [74] Number of total visits (6
months)
R2 = 5.7%
Number of medical visits
(6 months)
R2 = 3.4%





Number of total visits (6
months)
R2 = 6.7%
variables [74] Number of medical visits
(6 months)
R2 = 4.6%











Number of medical visits
(6 months)
R2 = 5.3%
[74] Number of mental health
visits (6 months)
R2 = 15.9%
Chronicity [60] Number of prior
hospitalizations
(categorical)




ANOVA F = 4.64 (p =
0.01)
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Case-Mix System Resource Measure Performance Measure
DRG [58] Number of outpatient
sessions
Hartley’s F max p-value <
0.01, Cochran’s C p-value
< 0.01, Barlett-Box F
p-value < 0.01 (groups
variances were not
homogeneous)
LONCA [62] Number of
hospitalization, past 12
months (categorical)
Cramer’s V = 0.17
MCAS [61] Hospitalizations
admission (next 2 years)
or involuntary admission
(next 18 months) to
state hospital
χ2 ≥ 6.05 (p < 0.05)
PCI/MCI [74] Number of total visits (6
months)
R2 = 5.4%
Number of medical visits
(6 months)
R2 = 3.3%





Number of total visits (6
months)
R2 = 6.6%
variables [74] Number of medical visits
(6 months)
R2 = 4.6%











Number of medical visits
(6 months)
R2 = 5.5%
Number of mental health
visits (6 months)
R2 = 15.8%








Case-Mix System Resource Measure Performance Measure
VA-MH12 [50] Annualized mental
health and substance
abuse outpatient visits
R2 (retrospective) = 17.0,
R2 (prospective) = 4.6%
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Table 2.3 Empirical results of case-mix systems predicting direct measures of resource use, ordered by
name of the case-mix system and year
Case-Mix System Resource Measure Performance Measure
ACG [63]. Total annual Medicaid
claims (in- and
out-patient), except nursing
homes, drug claims, and
intermediate care facility
for the mentally retarded
R2 (adults) = 2.0%,
R2 (children) = 4.1%
ACG [63]. Total annual Medicaid
mental health and
substance abuse claims
R2 (adults) = 2.1%,
R2 (children) = 1.7%
ACG [65] Total annual mental health
and substance abuse related
insurance claims, for both
inpatient and outpatient
settings, excluding nursing
home or intermediate care
facility for the mentally
retarded
R2 (adults) = 2.5%,
R2 (children) = 1.3%,
R2 (combined) = 2.3%
ACG [65] Total annual mental health





excluding nursing home or
intermediate care facility
for the mentally retarded
R2 (adults) = 3.0%,
R2 (children) = 1.4%,
R2 (combined) = 2.7%
ACG/ADG [50] Total annualized inpatient















Case-Mix System Resource Measure Performance Measure
ADG [65] Total annual mental health
and substance abuse related
insurance claims, for both
inpatient and outpatient
settings, excluding nursing
home or intermediate care
facility for the mentally
retarded
R2 (adults) = 7.6%,
R2 (children) = 3.9%,
R2 (combined) = 6.8%
ADG [65] Total annual mental health





excluding nursing home or
intermediate care facility
for the mentally retarded
R2 (adults) = 9.0%,
R2 (children) = 4.1%,
R2 (combined) = 7.9%
AMHCC [46] Direct cost: wage-weighted
staff time, indirect cost:
allocated equally among all
contacts at a unit for an
episode of care (various
lengths)
R2 = 26.6%
CDPS [50] Total annualized inpatient
and outpatient cost of
mental health and
substance abuse care
R2 (retrospective) = 8.3%,






R2 (prospective) = 4.0%
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Case-Mix System Resource Measure Performance Measure
Demographics [65] Total annual mental health
and substance abuse related
claims, for both inpatient
and outpatient settings,
excluding nursing home or
intermediate care facility
for the mentally retarded
R2 (adults) = 0.3%,
R2 (children) = 0.3%,
R2 (combined) = 0.3%
Demographics [65] Total annual mental health





excluding nursing home or
intermediate care facility
for the mentally retarded
R2 (adults) = 0.3%,
R2 (children) = 0.4%,




Total annual mental health
and substance abuse related
insurance claims, for both
inpatient and outpatient
settings, excluding nursing
home or intermediate care
facility for the mentally
retarded
R2 (adults) = 8.6%,
R2 (children) = 4.2%,




Total annual mental health





excluding nursing home or
intermediate care facility
for the mentally retarded
R2 (adults) = 9.9%,
R2 (children) = 4.7%,
R2 (combined) = 8.7%
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and outpatient cost of
mental health and
substance abuse care
R2 (retrospective) = 0.4%,




R2 (retrospective) = 2.1%,






Log of community care cost
- which equals to total
annual clinic cost allocated
to patients based on their











Annual direct and indirect
costs of outpatient care
R2 = 7.0%
DCG/HCC [49] Annualized contacts with
providers
R2 = 27.9%
DCG/HCC [50] Total annualized inpatient
and outpatient cost of
mental health and
substance abuse care
R2 (retrospective) = 9.5%,











over 8-week long bundled
episodes (across all care
settings)
R2 = 12.6%,
R2 (outliers trimmed) =
27.9%
GAF [48] Annual direct and indirect
costs of outpatient care
R2 = 3.1%
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Case-Mix System Resource Measure Performance Measure
HCC [65] Total annual mental health
and substance abuse related
insurance claims, for both
inpatient and outpatient
settings, excluding nursing
home or intermediate care
facility for the mentally
retarded
R2 (adults) = 5.5%,
R2 (children) = 2.8%,
R2 (combined) = 4.9%
HCC [65] Total annual mental health





excluding nursing home or
intermediate care facility
for the mentally retarded
R2 (adults) = 6.2%,
R2 (children) = 3.1%,
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Log of community care cost
- which equals to total
annual clinic cost allocated
to patients based on their
contact duration for the
year.
R2 = 14.9,
R2 (antisocial) = 12.9%,




Log of community care cost
- which equals to total
annual clinic cost allocated
to patients based on their
contact duration for the
year.
R2 = 12.9
MH-CASC [35] Wage-weighted staff time
over 8-week long episode
Adult: R2 = 5.7%,




R2 (outliers trimmed) =
4.1%
Combined: R2 = 4.1%,
R2 (outliers trimmed) =
14.8%
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Case-Mix System Resource Measure Performance Measure
MH-CASC [45] Cost based on staff activity
data attributable to clients
for an episode of care
(various lengths)
Adults: R2 = 3.5%,
Child/Youth: R2 = 5.3%,
Combined: R2 = 4.1%
MH-CASC [46] Direct cost: wage-weighted
staff time, indirect cost:
allocated equally among all
contacts at a unit for an
episode of care (various
lengths)
R2 = 5.9%
NZ-CAOS [45] Cost based on staff activity
data attributable to clients












R2 (outliers trimmed) =
15.1%
PsyCMS [50] Total annualized inpatient





R2 (prospective) = 6.4%
Service-Connected
Disability [48]
Annual direct and indirect





Annual direct and indirect
costs of outpatient care
R2 = 2.5%
SMI [73] Difference between
reimbursement based on
average cost vs. case-mix
adjusted rates
Difference range = -40.0%
(approx. -$700,000) to 30%
(approx. $1,000,000)
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Case-Mix System Resource Measure Performance Measure
VA-MH12 [50] Total annualized inpatient
and outpatient cost of
mental health and
substance abuse care
R2 (retrospective) = 9.6%,




A modest number of studies examined case-mix classification systems to predict mental health
care resource use in the community settings. A direct comparison in terms of predictive per-
formance was not possible due to the variation in the measures of resource use, the follow-up
duration, and performance metrics. In general, it can be said that the large majority of the
variation in community mental health resource use was still not accounted for by these case-mix
classification systems.
Although, the majority of the research on this topic came from the USA, the Australian
system (AMHCC) was most comprehensive, covering all ages and care settings (inpatient and
community settings) [46]. The most recent innovation was the five phases of care (assessment
only, acute, functional gain, intensive extended, and consolidating gain) which reflects the goal
of care [46]. These phases of care can also be viewed as a proxy for a person’s health care needs
and, by extension, a person’s expected resource use driven by health care needs.
2.4.2 Input Variables
It is worth acknowledging that when a case-mix classification system is used in a funding
formula, it must ensure that resources are allocated equitably. Therefore, whether a variable
should be a case-mix variable is an important consideration. In the literature, the variables
used for classification were often grouped into only a few categories such as: demographics,
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Table 2.4 Input Variables and Their Alternative Case-Mix Classifications
Variable Number Needs Individual Provider Process Historical
of Models
Diagnosis 23/33 x x
Age 12/33 x
Health Conditions 10/33 x x
Social Relations 10/33 x x
Mental Status 8/33 x x
Gender 7/33 x
Functional Status 7/33 x x
Harm to Self
or Others 7/33 x x
Behavior 7/33 x x
Substance Use 6/33 x x
Medication Usage 5/33 x x
Service History 4/33 x x
Legal Status 4/33 x
Insurance Benefits 3/33
Care Settings 3/33 x
Roles Functioning
and Finances 3/33 x x
Living Conditions 3/33 x x
Treatments 3/33 x
Cognition 3/33 x x
Communication
and Vision 2/33 x x
Veterans Status 2/33 x x
Ethnicity 1/33 x
Stress and Trauma 1/33 x x x
diagnosis, clinical status, or treatment variables. Discussions regarding their appropriateness
as case-mix variables were also rare. Using an alternative classification of these variables, this
study summarized the scope of case-mix variables used in the literature and discussed how
case-mix variables can influence funding allocation (Table 2.4).
Needs Variables Variables that indicate the level of health care needs are those that not
only have high explained variance of the resource use, but should also be variables that directly
drive the resource use. For example, ethnicity in [45] and gender in [50, 63, 65] may have
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high correlation with resource use, but such correlation may be confounded by other factors
such as systematic marginalization in the society that can make someone more vulnerable
to mental health disorders and, by extension, to have higher expected level of resource use.
Therefore, future research should consider needs variables that directly drive resource use, such
as: diagnosis, functional status or severity of illness, instead of those that simply correlate with
resource use for reasons other than clinical needs.
Individual vs. Provider Variables Provider variables, in essence, describe why it costs
more in one facility compared to another, regardless of the person’s health care needs. For
example, these can be care setting, facility type, regional characteristics, staff qualifications, or
teaching status. Using these variables as case-mix variables essentially reinforces the systematic
inequalities that exist among the providers. Therefore, using variables related to the individuals,
whenever possible, may help avoid this reinforcement. However, in some cases, reinforcing
systematic inequalities may be desirable, such as: adjusting for facilities located in rural areas
where resources and supplies may cost more to be delivered. Only the case-mix classification
systems from Australia and New Zealand used care setting as a case-mix variable, but they
were used as the first split to essentially join 2 separate case-mix systems for inpatient settings
and community settings together [35, 45, 46].
Process Variables Process variables are those that describe treatments or services given to a
person, found in [35, 45, 46, 76]. When using treatments or services as case-mix variables, they
may encourage providers to do more of them for financial gain, if they are under the control of
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the providers. Similar to provider variables, consideration should be given to whether variables
that describe the needs of the individual should be used as much as possible, or if there is a
valid rationale for reinforcing differences in such variables.
Historical Variables Variables that describe historical use of services or treatments provided
can be viewed as proxies for historical needs, such as prior hospitalization in [60], or usage in
a prior year in [54]. The shortcoming of these variables is that they have limited ability to be
modifiable and change with current needs. On the other hand, there are historical variables
that are continued to be relevant to current needs, for example: past history abuse or violence
in [35]. Historical variables therefore should not be entirely discounted, but the important
consideration is whether historical variables have long-term relevance in describing a person’s
current health care needs, or whether another variable that is more dynamic and could change
with a person’s health care needs may be more appropriate.
Ambiguity of Variables Ambiguity may arise if the variables chosen to describe the patient
type result in more than one way to classify an individual. This ambiguity may give providers
an incentive to choose the classification that maximizes the reimbursement, especially if the
differences in the expected resource use or reimbursement of the possible classifications are
significant. Given the same input, a good case-mix system should be able to consistently
output only one classification.
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2.4.3 Output Variables
The use of proxy measures of resource use was common in this review, such as the number of
visits or appointments (Table 2.2). In fact, the very first case-mix classification system (DRG)
used length of stay as a proxy for an inpatient episode’s cost [59]. This approach assumed that
costs of care do not vary day-to-day during the hospitalization [27].
Similarly for direct measures of resource use, when assuming that the costs of care do not
vary day-to-day or visit-to-visit, it is possible to calculate the costs of care for a particular case
on a per-diem basis by multiplying the number of days/visits with expected cost per day/visit.
The studies using direct measures of resource use found in this review; however, all calculated
costs of care on an episodic basis with a pre-defined follow-up length (Table 2.3). An analysis
from Australia showed that the preferred method of predicting resource use in community
settings was a pre-defined episode with fixed length, due to the chronic nature of mental health
care and community-based services are provided intermittently, instead of continuously as the
inpatient settings [35].
The class of direct measures of resource use can be further divided into billed costs (i.e.
claims data) or observed costs (i.e. staff time study). Billed costs have three main limitations
[27]. First, they often include non-clinical administrative costs (such as management, and claims
department), which could reduce the variance in the resource use measure if the administrative
costs are high relative to costs of clinical care [27]. Second, billed costs were most likely derived
by averaging over a large number of patients rather than the actual amount an individual
patient consumed [27], which could also reduce the variance in the resource use measure. Third,
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additional variance can be added if there is a lot of variation in accounting practice across
different facilities [27]. On the other hand, observed costs like staff time activities are more
likely to closely match the actual resource consumption by individual patients and potentially
more responsive to patients’ characteristics [27], but may be harder to obtain than available
administrative data [31].
2.4.4 Gaps in Current Research
There are many available case-mix systems that were developed for inpatient settings but
were not tested for community settings. Creating a case-mix system is not a trivial process;
however, considerable progress can be made by experimenting with existing case-mix systems
developed for use in another setting. For example, the SCIPP is a good candidate for testing in
community settings it has reported 26.3% explained variance of inpatient psychiatry cost using
clinical characteristics, and higher than most of the identified case-mix systems [27].
It has been shown that children and adolescents also have unmet mental health care needs
[78]. Most of the studies only focused on adult populations (Table 2.1). Therefore, future
case-mix classification systems should also consider children and adolescent populations in the
development of new case-mix systems.
Only three of the studies cross-validated the predictive performance of their systems on a
different data set than the one used for model derivation [49, 50, 76]. Cross-validation can
serve two purposes: to evaluate the generalizability of the model on unseen observations or
future users of the health care system, and to compare competing models [79]. Future research
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should consider using cross-validation when evaluating the predictive performance because the
uncross-validated performance metric may give an overestimation.
Lastly, it was not always clear if there exists a process or mechanism for updating the case-
mix systems and exchanging knowledge. Therefore, it is important to have a robust feedback
loop by conducting more replication studies to validate case-mix systems under different con-
ditions, as new data become available if using administrative data, or with more participating
sites and over different time periods if using staff time activity data. For example, Australia has
an organization dedicated to continuous improvement of case-mix classification systems with
more replication studies planned [46].
2.4.5 Limitations
This study was not without limitations. First, this study only examined articles written in
English, which also limited our review to only English-speaking jurisdictions. Second, this
study did not consider the implementation outcomes and policy impacts of the identified case-
mix systems, which deserve a separate review in the future.
2.4.6 Conclusion
This study provided a summary of the scope of research in community mental health care
case-mix classification. The research activity was modest, while the transition from institu-
tionalization to community care continues to evolve. Consideration should be given to appro-
priateness and assumptions of the case-mix variables, resource use measure, and evaluation of
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predictive performance. More research, especially of replication type, is needed in community
mental health to ensure resources are meeting the needs of the population as new data become
available and as the health care system evolves over time.
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Chapter 3
Study One: Mental Health Care Transition from In-
patient Psychiatry to Community Settings: Patterns
from Waterloo-Wellington, Ontario, Canada
Abstract
Although mental health care has been gaining recognition as a priority in Canada and more
funding was recommended by the Mental Health Commission of Canada, integration of services
across the continuum of care and lifespan remained an elusive goal. One point of potential
vulnerability was examined in this study, the transition between inpatient psychiatry and com-
munity mental health services in the province of Ontario, Canada. Individuals discharged from
inpatient psychiatry were followed to observe their subsequent use of community mental health
services. Using the Resident Assessment Instrument - Mental Health (RAI-MH) assessment at
discharge from inpatient psychiatry as the baseline clinical profile, factors that are associated
with readmission, usage and high usage of community mental health services post-discharge
were examined. This study found that only 55% of the discharges would subsequently use
publicly funded community mental health services. The clinical profile given by the RAI-MH
assessment was shown to be associated with higher usage of community mental health services.
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This study also showed that receiving community mental health services post-discharge may be
beneficial in reducing readmission and the demand of intensive inpatient services for the system.
The findings suggested that sharing and meaningful use of the clinical assessments, such as the
RAI-MH, can play a larger role in achieving an integrated mental health care system.
3.1 Introduction
Mental illness is one of the leading causes of disability in Canada [4, 80, 81]. The Mental Health
Strategy for Canada has called for improvements in access to mental health services across the
continuum of care and lifespan [82–86]. One commonly suggested solution is to increase funding
for mental health care proportionally to match the disease burden, often measured by health-
adjusted life years or costs of health services and lost productivity [82, 87, 88]. For example,
in the province of Ontario, the burden of mental illness accounts for about 10% of the total
disease burden, but only accounts for about 7% of the health care spending [81, 89].
While funding is critically important, improvements to service access across the continuum
of care can also be achieved by making mental health care services more integrated throughout
the health care system. Over the years, the health care system in Ontario has gone through
many reforms. An elusive goal has been to better integrate health care services across different
care settings. For example, the creation of the Local Health Integration Networks (LIHNs)
and the newly proposed Ontario Health Teams (OHTs) are intended to encourage integration
across complex organizational boundaries and at the point of care [90]. Transition from one
care setting to another has been identified as a point of vulnerability for patients, especially
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for those with chronic and complex health conditions [91–94]. This study aims to enhance the
understanding of the transition from inpatient psychiatry to community mental health services
by examining the patterns of use at the transition and factors associated with the usage of
community mental health services.
Patients discharged from a psychiatric hospital in Waterloo-Wellington region, Ontario,
Grand River Hospital (GRH), were followed to examine their usage of community mental health
services at the Canadian Mental Health Association - Waterloo Wellington (CMHA-WW) sub-
sequently. The GRH is an acute hospital with inpatient psychiatric beds and the CMHA-WW
provides mental health services in the community settings. The CMHA-WW is the largest
chapter of the Canadian Mental Health Association (CMHA) by staff count, and serves all age
groups. CMHA-WW is a good example to study because it is a stand-alone entity that offers
a comprehensive range of community mental health services.
3.1.1 Community Mental Health Services in Waterloo-Wellington region,
Ontario
The Waterloo-Wellington region has 12 publicly funded agencies providing mental health and
addiction services: three acute hospitals providing primarily inpatient psychiatry (includes
GRH), three residential treatments and supportive housing agencies, three addiction services
agencies, one agency providing primarily children/youth counseling, one agency primarily pro-
viding family counseling, and CMHA-WW. The bulk of community mental health services,
except for addiction services, are provided by CMHA-WW due to their capacity and complete
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presence across the region.
There are 3 primary pathways of initiating adult community mental health services (Figure
3.1): (1) self-referral or referred by a third party to the centralized intake (Here 24/7 operated
by CMHA-WW); (2) contact with the police or justice system; and (3) referral by family
physician or care team to specialized geriatric services. Under normal circumstances, an adult
in the region seeking community mental health services through self-referral would first come
into contact with CMHA-WW via the centralized intake for an assessment and/or scheduling
of services (Figure 3.1).
Figure 3.1 and Table 3.1 represents major programs or packages of services that have been
designed to meet a certain objective or target populations (such as: adults vs. seniors, or by
diagnosis). The source of the funding could also determine the scope of the program. Some
programs were designed to connect the clients with appropriate services that they require,
while others can be a specialized treatment program. A client may be enrolled in more than
one program at a time depending on their needs.
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Figure 3.1 Pathways of initiating services at the community mental health agency, compiled based on
the candidate’s experience working at CMHA-WW and conversations with CMHA-WW staff.
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Short term individual or group ther-
apy sessions, including assessment
diagnosis, and consultation.
18 or older, moderate to severe di-
agnosis, complex needs, concurrent
disorders, have identified treatment
goals, willing to work on goals out-
side counseling sessions. Exclude:
age related cognitive decline, eligi-
ble for family or private therapist
Adult Psychiatry Consultation with a psychiatrist in
person or over tele-psychiatry
Referred by a family physician, local
resident 18 or older, moderate/se-




Cognitive behavioral treatment for
suicide behavior and emotional dys-
regulation
18 or older. Excluded: diag-
nosed with schizophrenia, psychotic
episode within 6 months, significant
development disability, or learning
disability
Eating Disorders An initial assessment followed by
primarily group-based therapy
Local residents, medically fit for ser-
vices, not psychotic or suicidal, and
to be monitored by physicians or
nurse practitioner.
Early Psychosis - First
Step
Early psychosis intervention pro-
gram that assesses and treats young
people experiencing first episode of
psychosis.
Ages 14-35, local residents, first
episode of psychosis within 1 year
and has not been treated with med-
ication for >6 months.
Flexible Assertive Com-
munity Treatment Team
Specialized team that provides flex-
ible treatment from intensive care
during crisis to less intensive care.
Local residents 18+ experiencing se-




Short and long-term support is
available, assisting clients with per-
sonal planning, crisis planning, re-
ferral, and connection to other com-
munity resources, education, and
employment goals.
Local residents 18+ with mental
health issues that limit their ability
to function on a daily basis
Mental Health Promotion
- Family Initiatives
Group education with family mem-
ber or care givers of adults with
mental health or addiction issues.
family members or care givers of
adult local residents with mental
health or addiction issues, and also
18 or older
Self-help Services Skills building, peer support groups.
No intake, registration, or waitlist.
Local adult residents
Specialized Medical Ad-
dictions & Mental Health
Outreach Services
Team of staff reach out to adults
who are homeless or at risk of home-
lessness and disconnected from ser-
vices for their mental health/addic-
tions/concurrent issues.
18+, homeless or at risk of homeless-





The discharge RAI-MH assessment, which is mandated for all adult inpatients psychiatric ad-
mission in Ontario, were obtained from GRH [95]. This data source provided the administrative
information of the inpatient episode and many measures of clinical characteristics of a patient
at the time of discharge. The discharge assessments are typically done within 3 days prior to
discharge from inpatient psychiatry. All adult inpatient psychiatric discharges from the GRH
between 2014 - 2018 were obtained. This time frame was chosen because the data represent
the assessments done using the latest version of the RAI-MH assessment used in Ontario, and
they represented the current organization structure of CMHA-WW since the last major or-
ganizational change in 2014. Discharges due to hospital-to-hospital transfers, discharges that
were followed by a same-day readmission, and discharges due to in-hospital mortality were ex-
cluded because these were not likely to initiate services at the community mental health agency
post-discharge.
From the community mental health agency, service records between 2012 – April of 2019
were obtained for all clients matching those discharged from GRH. Each service encounter was
recorded as an event that contained the date of the service, the job title of the staff performing
the service, duration of the staff time, and name of the program which was the basis for the
service. Only the direct staff time was considered in the resource use measure, which is the
resource that is driven directly by the health care needs of the clients.
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Direct staff time only included direct contacts with clients such as: in-person services, over-
the-phone services, or teleconference calls with clients. Indirect staff time includes all other
client-specific activities, but are not driven by clients’ clinical characteristics and typically not
provided direct to a client or provided without client being present (such as: documentation,
travel to/from client’s meeting, and case review travel to/from client’s meeting). Possible
data entry errors were also manually checked and corrected if necessary, such as correcting for
AM/PM in time entries for service events longer than a typical work shift of eight hours.
For group services, which were provided to more than one client at the same time, the staff
time was divided equally among the number of clients registered for the group. If the number
of clients attended the group session was lower than the number registered, the number of
registrants were used instead because resources have already been assigned for the service from
the organizational perspective.
The community mental health agency also partnered with other external organizations to
deliver services by pooling human or capital resources together, such as the senior mental
health and specialized geriatric programs, which is a joint venture between CMHA-WW and
St. Joseph’s Health Centre in Guelph, ON (Figure 3.1). Only the services that were provided
solely by CMHA-WW salaried staff were included in this study for two reasons. First, the
staff time activity data was available for some joint programs but not all. Second, there are
services of the joint programs that may not be purely mental health services, such as general
geriatric services that is more related to primary care. Additionally, services provided on a
fee-for-service basis by the provincial health plan, such as psychiatrist or physician services,
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were not included. Overall, the usage of services were analyzed from the point of view of the
community mental health agency and included only costs incurred by this agency. These data
were expected to be of good quality because they were used for scheduling of appointments,
monitored by management, and used to determine extra pay (such as: overtime or pandemic
pay in 2020) for eligible direct face-to-face time.
Data were primarily linked using health card number and date of birth (Figure 3.2). In
absence of health card number, possibly due to lack of health coverage at one point in a
person’s lifetime or changes in health card number, the secondary linkage method used the date
of birth and full name instead.
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Figure 3.2 Linkage of Data Sources
Prior to data linkage, some pre-processing steps were applied to the identifiers. For health
card number, the last two characters of the health card number were removed because these
characters are changed every 5 years when a health card is renewed in Ontario, while the
first 10 characters are fixed throughout a person’s lifetime. All dashes and blank spaces were
removed to resolve discrepancies of data entry. All dates were converted to YYYY-MM-DD
format for consistency. For names, all the characters were converted to lower cases to eliminate
case-sensitivity during linkage, and all punctuation or special characters were removed.
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After linkage, personal identifiers were removed. All matched records were assigned a ran-
domly generated ID to use for the study. Data were then stored at interRAI Canada, University
of Waterloo secure server. This study received ethics clearance from the University of Water-
loo (file number 40147) and the Grand River Hospital (file number 2018-0669). The ethics
committee of the CMHA-WW approved this study on October 29th, 2018.
In addition, this study also compared the GRH data sample against the provincial popula-
tion by obtaining additional de-identified RAI-MH assessment data from the Ontario Mental
Health Reporting System (OMHRS) provided by the Canadian Institute for Health Informa-
tion. Inpatient episodes from the same health region (the lowest level of identifier) as the GRH,
which is Waterloo-Wellington, were excluded to remove the effect of autocorrelation. The use
of OMHRS also received ethics clearance from the University of Waterloo (file number 19917).
3.2.2 Descriptive Analysis
The pattern of usage of community mental health services provided by CMHA-WW was de-
scribed by examining usage pre- and post-inpatient psychiatry episode, time between discharge
and service initiation. To quantitatively describe the sample, several clinical scales embedded
in the assessment that measure both behavioral and physical characteristics were used [96].
The Activities of Daily Living Hierarchy Scale (ADL, range 0-6) measured a person’s abil-
ity to perform personal hygiene, locomotion, toilet use, and eating [97]. The Instrumental
Activities of Daily Living Scale (IADL, range 0-42) measured a person’s higher level function
required for daily living [97]. The Cognitive Performance Scale (CPS, range 0-6) measured the
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cognitive status [98]. The Depressive Severity Index (DSI, range 0-15) measured severity of
the depressive symptoms [96]. The Positive Symptoms Scale short-form (PSSS, range 0-12)
measured the frequency of positive symptoms [96]. The Aggressive Behavior Scale (ABS, range
0-12) measured the frequency and variety of aggressive behaviors [99]. The Risk of Harm to
Others scale (RHO, range 0-6) estimates the risk of violent behavior that could harm others
[100]. The Severity of Self-harm scales (SOS, range 0-6) estimates the risk of self-harm [96].
All of these scales indicate higher severity or lack of capacity with higher scores.
3.2.3 Modeling of Readmission
This analysis examined whether the rehospitalization clinical assessment protocol measured at
discharge is associated with 30-day same hospital readmission using a multiple logistic regression
[101]. This clinical assessment protocol is composed of multiple elements from the RAI-MH
assessment that were shown to predict psychiatric readmission: number of prior hospitalizations,
unemployment, substance use, positive symptoms, and risk of self-harm [101].
An admission or readmission provided inpatients with intensive services, such as intensive
observation, diagnosis, and treatment [8]. Some of these services can also be provided by the
community mental health agency via the Assertive Community Treatment (ACT) services.
Unlike typical community services, ACT services does not require clients to initiate services or
cancel services if appointments are missed, but aims to be assertive and persistent in engaging
clients, especially hesitant ones [102, 103]. ACT teams are multidisciplinary that have shared
caseloads among their members and make the care plan together to maintain continuity of care
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over time [102]. Evidence from randomized trials showed that ACT services have the effect of
reducing hospital use by shifting intensive services into the community [104]. Therefore, this
analysis also included usage of ACT (binary) within 30 days of discharge or being readmitted to
inpatient psychiatry, whichever comes first, as a covariate. The Kaplan-Meier curves, a log-rank
test, and Cox proportional hazards regression were also used to examine a possible relationship
between usage of ACT services (binary) time until readmission to the same hospital, with a
follow-up period of 30 days post-discharge.
3.2.4 Modeling of Community Mental Health Service Use Post-Discharge
Multiple logistic regression models were used to examine the relationships between clinical
characteristics measured by the discharge assessment and usage (binary), high usage (top 10
and 20 percentiles of direct staff time) of community mental health services within 180 days
of discharge, and usage (binary) of some specialized programs targeting persons at high risk of
harming others (Mental Health Justice) and self-harm (Self-Help Skills for Safer Living).
Several reviews had summarized the known predictors of mental health resource use [36,
37, 105], which included age, sex, historical service usage, diagnosis, severity of illness, and
behavior problems. Multiple logistic regression models were fitted using: age, sex, diagnosis,
length of inpatient psychiatric episode as the historical service usage indicator, clinical scales
(ADL, IADL, CPS, DSI, PSSS) as severity of illness indicators, and two safety clinical scales
(SOS, RHO) as behavioral problems indicators [95]. Additionally, readmission could reduce
the likelihood that a person would use the community mental health agency services, therefore
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readmission was also included in the model. Recognizing that these predictors could be corre-
lated with each other, a model with all predictors was tried first, and non-significant predictors
were removed one at a time to arrive at a final model that contained only statistically significant
predictors. Further examinations were also done when unexpected associations were observed,
such as for risks of self-harm and harming others.
Some observations were right-censored because the data were extracted earlier than 180
days post-discharge. Additionally, it could be argued that frequent users of the health systems
may be treated differently if they were known to the system, such as people with multiple
inpatient episodes, which meant that each assessment might not be an completely independent
observation. Therefore, the sensitivity of the models were also examined on several subsamples
of the dataset: full sample, sample with no censored observations, sample with first and single
admissions only, and sample with last and single admissions only.
3.3 Results
There were a total of 4,688 discharge assessments (2,874 unique persons) obtained from GRH
(Figure 3.3). Only about half of these discharges (2,312 discharges or 1,571 unique persons)
subsequently received services from the community mental health agency post-discharge.
Due to the limited scope of the research ethics application, the number of adult clients who
received services but were not previously admitted to inpatient psychiatry was not available.
However, it was estimated that about 10,000 unique individuals came into contact with the
community mental health agency per year, including children and contacts made through the
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Same Day Readmission or Transfer = 359 Discharges
In-hospital Mortality = 14 Discharges
Joint Senior Mental Health Programs = 155 Discharges
Children Program = 2 Discharges
No Contact - Unmatched Linkage = 895 Discharges
No Contact - Inactive Post-discharge = 742 Discharges
Indirect Services Only = 209 Discharges
Direct Service Initiated >180 Days = 357 Discharges





Table 3.2 showed that the distribution of sex and cognitive disorders were similar between
the study sample and the rest of the province. However, age, clinical scales, diagnoses of
schizophrenia, mood, and substance use disorders appeared to deviate from the rest of the
province (Table 3.2).
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Table 3.2 Demographics and clinical characteristics of inpatients discharged from Grand River Hospital
versus the rest of Ontario
GRH % (n = 4,158) ON % (n = 174,338) Chi-square p-value
Female 48.9% (2,034) 48.3% (84,268) 0.47
Age 18-25 23.5% (977) 18.1% (31,605) <0.001
25-44 39.7% (1,649) 39.4% (68,762) -
45-64 28.8% (1,199) 30.8% (53,713) -
65+ 8.0% (333) 11.6% (20,258) -
ABS 0 88.7% (3,689) 82.4% (143,733) <0.001
1-3 7.0% (293) 11.4% (19,833) -
4-6 3.0% (124) 4.5% (7,831) -
7-12 1.3% (52) 1.7% (2,941) -
ADL 0 95.2% (3,958) 92.7% (161,536) <0.001
1-3 3.6% (148) 6.5% (10,363) -
4-6 1.3% (52) 1.4% (2,439) -
CPS 0 90.1% (3,746) 76.5% (133,285) <0.001
1-2 7.4% (307) 19.6% (34,184) -
3-6 2.5% (105) 3.9% (6,869) -
DSI 0 59.5% (2,472) 56.1% (97,791) <0.001
1-3 29.1% (1,209) 28.4% (49,459) -
4-7 9.3% (388) 11.4% (19,885) -
8-15 2.1% (89) 4.1% (7,203) -
IADL 0 85.2% (3,541) 67.6% (117,823) <0.001
1-3 4.5% (186) 12.8% (22,299) -
4-9 3.8% (160) 9.6% (16,725) -
10-18 2.7% (111) 5.2% (9,056) -
19-30 3.8% (160) 4.8% (8,435) -
PSSS 0 82.8% (3,443) 68.4% (119,274) <0.001
1-6 15.9% (660) 28.5% (49,620) -
7-12 1.3% (55) 3.1% (5,444) -
RHO 0-2 91.6% (3,807) 82.9% (144,549) -
3-4 5.7% (239) 11.8% (20,642) -
5-6 2.7% (112) 5.2% (9,147) -
SOS 0-3 75% (3,118) 65.8% (114,760) -
4 6.2% (257) 9.8% (17,086) -
5-6 18.8% (783) 24.4% (42,492) -
Schizophrenia 40.7% (1,691) 37.3% (65,035) <0.001
Mood Disorders 39.7% (1,651) 44.0% (76,701) <0.001
Cognitive Disorders 4.3% (179) 4.4% (7,660) 0.81
Substance Use Disorders 25.1% (1,042) 28.2% (49,085) <0.001
Abbreviations: ABS, Aggressive Behavior Scale; ADL, Activities of Daily Living Hierarchy Scale; CPS,
Cognitive Performance Scale; DSI, Depressive Severity Index; IADL, Instrumental Activities of Daily
Living Scale; PSSS, Positive Symptom Scale Short-Form; RHO, Risk of Harm to Others; SOS, Severity
of Self-Harm.
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3.3.1.2 Contact with the community mental health agency prior to Inpatient Psy-
chiatric Admission
Prior contact with the community mental health agency was defined as a direct service event
which took place prior to admission to inpatient psychiatry. From all the psychiatric episodes
included in this study (n = 4,158), about 60% were preceded by at least one contact with the
community mental health agency prior to admission (Figure 3.4). However, the data of this
study only tracked prior contacts with the community mental health agency up to 2012. The
mean time since the last contact with the community mental health agency was 172.3 days










































































































































3.3.1.3 Pathways of Initiating Services at the community mental health agency
Post-Discharge
After the inpatient psychiatric episode at GRH, about 55% of discharges used community
mental health services at the community mental health agency post-discharge (Figure 3.4).
The majority initiated their services through the centralized intake (Here 24/7), followed by
prior clients resuming services they may have started prior to the inpatient episode. About
14% initiated services through the two criminal justice system programs (IMPACT and Mental
Health Justice programs).
In the past, a pilot program called Emergency Diversion by the community mental health
agency, which aimed to identify people who required immediate community support services
but did not necessarily require inpatient services (Figure 3.4). Since it was only a pilot program,
it was not included as a major pathways of initiating services in Figure 3.1.
For the rest, it was not immediately clear through which pathways services were initiated
with the community mental health agency post-discharge (Figure 3.4). Since the data for this
study only tracked back to 2012, the remainder of the sample were likely previous clients who
had initiated services in some adult programs prior to the inpatient episode.
3.3.1.4 Discharges without Usage of Community Mental Health Services Post-
Discharge
From the discharges that did not use the community mental health agency services, about
11% received indirect services (Figure 3.4). Indirect services implied that a staff from the
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community mental health agency had performed some activities on the client’s file, such as an
attempted contact, case review, referral review, or client refused services. About 31% of these
episodes were preceded by a prior contact with the community mental health agency. It was not
immediately clear from these data why these clients were inactive in using community services
post-discharge.
A small portion of these discharges were successfully linked across two data sources but had
neither contact prior-admission or post-discharge (Figure 3.4). This was likely due to the fact
that the service use during this period was part of the joint partnership programs that were
not included in this study.
3.3.1.5 Time to Service Initiation Post-Discharge
Of those that used the community mental health agency post-discharge within 180 days, the
majority initiated a direct service event shortly after discharge (min = 0 days, median = 6 days,
mean = 24 days, max = 180 days).
3.3.1.6 Compare First Episodes’ Assessments vs. Last Episodes’ Assessments
The demographics and clinical characteristics of the two subgroups of assessments done at
different times were mostly similar (Table 3.3). Variables that showed statistical differences
between the two subgroups were CPS, SOS, and mood disorder diagnosis.
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Table 3.3 Summary proportions and chi-square test of independence of the characteristics of discharge
assessments from the first inpatient psychiatric episode versus the last episode for persons with multiple
inpatient admissions
First Episodes (n = 772) Last Episodes (n = 772) p-value
Age 18-25 23.6% (182) 19.8% (153) 0.20
25-44 42.0% (324) 42.5% (328) -
45-64 29.4% (227) 31.0% (239) -
65+ 5.1% (39) 6.7% (52) -
ABS 0 87.7% (677) 88.5% (683) 0.89
1-3 8.3% (64) 7.4% (57) -
4-6 2.7% (21) 2.6% (20) -
7-12 1.3% (10) 1.6% (12) -
ADL 0 96.2% (743) 95.6% (740) 0.91
1-3 3.2% (25) 3.5% (27) -
4-6 0.5% (4) 0.6% (5) -
CPS 0 88.6% (684) 92.2% (712) 0.01
1-2 10% (77) 6% (46) -
3-6 1.4% (11) 1.8% (14) -
DSI 0 58.8% (454) 62.6% (483) 0.16
1-3 31% (239) 26.6% (205) -
4-7 8.2% (63) 9.5% (73) -
8-15 2.1% (16) 1.4% (11) -
IADL 0 84.7% (654) 83.9% (648) 0.38
1-3 5.6% (43) 4.7% (36) -
4-9 3.9% (30) 4.1% (32) -
10-18 3.5% (27) 3.2% (25) -
19-30 2.3% (18) 4.0% (31) -
PSSS 0 81.0% (625) 82.6% (638) 0.37
1-6 18.1% (140) 15.6% (123) -
7-12 0.9% (7) 1.4% (11) -
RHO 0-2 89.4% (690) 91.7% (708) 0.28
3-4 7.4% (57) 6.0% (46) -
5-6 3.2% (25) 2.3% (18) -
SOS 0-3 76.9% (594) 78.0% (602) 0.07
4 6.9% (53) 4.3% (33) -
5-6 16.2% (125) 17.7& (137) -
Schizophrenia 47.8% (369) 44.6% (344) 0.22
Mood Disorders 43.8% (388) 35.2% (272) <0.001
Cognitive Disorders 2.3% (18) 3.4% (26) 0.28
Substance Use Disorders 24.7% (191) 26.2% (202) 0.56
Abbreviations: ABS, Aggressive Behavior Scale; ADL, Activities of Daily Living Hierarchy Scale; CPS,
Cognitive Performance Scale; DSI, Depressive Severity Index; IADL, Instrumental Activities of Daily
Living Scale; PSSS, Positive Symptom Scale Short-Form; RHO, Risk of Harm to Others; SOS, Severity
of Self-Harm
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3.3.2 Modeling of Readmission
Discharges that subsequently received ACT services within 30 days of discharge or until read-
mission had slower time until 30-day same hospital readmission than discharges that did not,
5.0% and 8.9% respectively (Figure 3.5). The estimated Cox hazard ratio was 0.54 [95% CI:
0.30 - 0.99] and the log-rank test p-value = 0.04. For context, the rate of 30-day psychiatric
readmission to the same hospital of the rest of Ontario during the same period was 8.5%. Other
research found that the rate of psychiatric 30-day readmission in Ontario to any hospital was
between 7-9% [106, 107].
Figure 3.5 Kaplan-Meier curves for time to 30-day same hospital readmission of discharges that subse-
quently used Assertive Community Treatment (ACT) services between discharge and readmission. The
shaded areas show the 95% confidence intervals, and the black crosses show observations that were
right-censored.
The multiple logistic regression model confirmed the positive association between high risk of
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rehospitalization (indicated by the rehospitalization clinical assessment protocol = 2, embedded
in the RAI-MH) and 30-day same hospital readmission (Table 3.4). The use of ACT services
was negatively associated with readmission on the full sample and non-censored sub-sample.
The sub-samples with only one assessment per person had the estimated odd ratios for use of
ACT services < 1, but the estimated 95% CI were not statistically significant.
Table 3.4 Adjusted odds ratios in a multiple logistic regression model of 30-day same hospital readmission,
their corresponding 95% confidence intervals, and p-values < 0.05 indicated by *













- - - -
1 0.91 [0.70-1.17] 0.90 [0.69-1.16] 0.96 [0.74-1.24] 0.83 [0.56-1.20]
2 1.49 [1.11-1.97]* 1.47 [1.09-1.95]* 1.71 [1.27-2.28]* 2.14 [1.49-3.04]*
ACT Services within 30 Days
of Discharge or until readmis-
sion (True/False)
0.53 [0.28-0.93]* 0.53 [0.25-0.89]* 0.61 [0.31-1.09] 0.70 [0.32-1.31]
AUROC 0.55 0.55 0.54 0.58
3.3.3 Modeling of Community Mental Health Service Use Post-Discharge
3.3.3.1 Modeling Usage of Community Mental Health Services Post-Discharge
Overall, the models suggested that age, mood disorder, severe functional impairment indicated
by IADL ≥ 10, and severe impairment in cognitive ability indicated by CPS ≥ 3 were negatively
associated with usage of community services within 180 days post-discharge (Table 3.5). On the
other hand, being female, schizophrenia, substance use disorders, severe depression indicated
by DSI ≥ 8, and high risk of self-harm indicated by SOS ≥ 5 showed positive associations
with usage of community mental health services. For all of the scales, the associations to the
71
outcome was statistically significant at the high-range of the scales, and not observed at lower
ranges of these scales.
Table 3.5 Adjusted odds ratios in a multiple logistic regression models of community mental health
service usage provided by the community mental health agency within 180 days post-discharge, and
their corresponding 95% confidence intervals and p-values < 0.05 indicated by *














Age (ref 18-24) - - - -
25-44 0.80 [0.68-0.94] * 0.80 [0.68-0.94] * 0.79 [0.66-0.95] * 0.82 [0.68-0.98] *
45-64 0.59 [0.50-0.71] * 0.60 [0.50-0.71] * 0.61 [0.50-0.74] * 0.61 [0.50-0.74] *
≥65 0.25 [0.18-0.35] * 0.26 [0.18-0.36] * 0.28 [0.19-0.39] * 0.24 [0.17-0.35] *
Female 1.17 [1.02-1.33] * 1.16 [1.02-1.33] * 1.17 [1.02-1.36] * 1.14 [0.99-1.32]
Schizophrenia 1.25 [1.07-1.46] * 1.24 [1.06-1.45] * 1.31 [1.10-1.56] * 1.22 [1.03-1.45] *
Mood Disorders 0.80 [0.69-0.94] * 0.77 [0.66-0.90] * 0.84 [0.71-0.99] * 0.80 [0.68-0.95] *
Substance Use Dis-
orders
1.43 [1.23-1.66] * 1.42 [1.21-1.65] * 1.50 [1.28-1.78] * 1.47 [1.24-1.74] *
IADL (ref 1-3) - - - -
1-3 0.88 [0.64-1.20] 0.89 [0.65-1.22] 0.97 [0.69-1.37] 0.94 [0.66-1.35]
4-9 1.01 [0.72-1.42] 0.99 [0.70-1.40] 1.03 [0.71-1.50] 1.24 [0.85-1.80]
10-18 0.63 [0.41-0.96] * 0.64 [0.41-0.98] * 0.60 [0.36-0.98] * 0.79 [0.49-1.29]
19-30 0.35 [0.20-0.61] * 0.37 [0.21-0.64] * 0.35 [0.17-0.67] * 0.34 [0.18-0.62] *
CPS (ref 0) - - - -
1-2 0.96 [0.73-1.25] 1.02 [0.78-1.33] 1.00 [0.75-1.34] 0.91 [0.66-1.24]
3-6 0.46 [0.20-0.98] * 0.38 [0.16-0.86] * 0.35 [0.12-0.87] * 0.52 [0.21-1.15]
DSI (ref 0) - - - -
1-3 1.04 [0.90-1.20] 1.03 [0.89-1.19] 1.03 [0.88-1.21] 0.96 [0.81-1.12]
4-7 1.14 [0.91-1.42] 1.11 [0.88-1.40] 1.03 [0.80-1.32] 1.09 [0.85-1.40]
8-15 1.85 [1.18-2.94] * 1.75 [1.11-2.80] * 1.63 [1.01-2.65] * 2.14 [1.29-3.62] *
SOS (ref 0) - - - -
4 1.16 [0.89-1.52] 1.20 [0.91-1.59] 1.09 [0.82-1.46] 1.28 [0.95-1.73]
5-6 1.19 [1.01-1.41] * 1.20 [1.01-1.42] * 1.14 [0.95-1.37] 1.22 [1.01-1.46] *
AUROC 0.64 0.64 0.64 0.64
Abbreviations: CPS, Cognitive Performance Scale; DSI, Depressive Severity Index; IADL,
Instrumental Activities of Daily Living Scale; SOS, Severity of Self-Harm
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3.3.3.2 Modeling High Usage of Community Mental Health Services Post-Discharge
The mean staff time usage during the 180 days post-discharge was 7.2 hours (min <1 hour,
median = 1.9 hour, max = 95.7 hours). The top 20 percentile consumed > 11.4 hours, and top
10 percentile consumed > 22.9 hours.
Age, risk of harm to others indicated by the RHO scale, and 30-day readmission were
negatively associated with high usage of community services (Table 3.6). However, the RHO’s
association was only statistically significant for 3 out of 4 subsamples for the top 20 percentile,
and not for the top 10 percentile of high usage. The readmission only showed a statistically
significant association for the top 20 percentile because there was no readmission event observed
for the top 10 percentile subsamples. Schizophrenia and length of the inpatient episode stay
were positively associated with high usage of community mental health services.
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Table 3.6 Adjusted odds ratios of the variables in a multiple logistic regression model of high usage of
community mental health services provided by the community mental health agency within 180 days




















Age (ref 18-24) - - - -
25-44 0.74 [0.57-0.96] * 0.75 [0.58-0.97] * 0.73 [0.54-0.98] * 0.67 [0.51-0.89] *
45-64 0.47 [0.34-0.63] * 0.50 [0.35-0.69] * 0.46 [0.31-0.66] * 0.46 [0.33-0.64] *
≥ 65 0.19 [0.06-0.49] * 0.21 [0.06-0.53] * 0.20 [0.05-0.58] * 0.09 [0.02-0.32] *
Schizophrenia 1.55 [1.24-1.95] * 1.58 [1.26-2.00] * 1.56 [1.20-2.04] * 1.70 [1.33-2.18] *
RHO (ref 0-2) - - - -
3-4 0.70 [0.41-1.13] 0.66 [0.38-1.09] 0.72 [0.38-1.26] 0.78 [0.43-1.32]
5-6 0.29 [0.09-0.73] * 0.30 [0.09-0.75] * 0.41 [0.12-1.03] 0.27 [0.06-0.75] *
Inpatient Length of
Stay (months)
1.11 [1.05-1.18] * 1.11 [1.04-1.18] * 1.11 [1.04-1.19] * 1.12 [1.05-1.20] *
30-day Readmis-
sion
0.11 [0.03-0.26] * 0.11 [0.03-0.27] * 0.12 [0.04-0.30] * 0.16 [0.04-0.43] *




















Age (ref 18-24) - - - -
25-44 0.72 [0.51-1.01] * 0.72 [0.52-1.02] 0.81 [0.54-1.21] 0.63 [0.43-0.91] *
45-64 0.43 [0.28-0.66] * 0.43 [0.27-0.65] * 0.49 [0.29-0.81] * 0.44 [0.28-0.69] *
≥65 0.09 [0.01-0.45] * 0.10 [0.01-0.47] * 0.00 [0.00-0.00] 0.10 [0.01-0.49] *
Schizophrenia 1.74 [1.28-2.36] * 1.74 [1.28-2.37] * 1.69 [1.18-2.45] * 1.86 [1.34-2.60] *
RHO (ref 0-2) - - - -
3-4 0.68 [0.32-1.27] 0.62 [0.28-1.19] 0.82 [0.35-1.67] 0.83 [0.38-1.63]
5-6 0.31 [0.05-1.02] 0.31 [0.05-1.01] 0.47 [0.08-1.56] 0.20 [0.01-0.93]




0.00 [0.00-0.00] 0.00 [0.00-0.00] 0.00 [0.00-0.00] 0.00 [0.00-0.66]
AUROC 0.68 0.68 0.69 0.67
Abbreviations: RHO, Risk of Harm to Others
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3.3.3.3 Modeling of Outcomes Related to Risk of Harm to Others and Risk of
Self-harm
One surprising result was that risk of harm to others (indicated by the RHO scale) did not show
a positive association with usage or high usage of community mental health services as normally
expected (Table 3.5 and 3.6). In fact, risk of harm to others appeared to be negatively associated
with the likelihood of being high resource users (Table 3.6). Additionally, the SOS scale was not
observed to be a statistically significant covariate in modeling of high usage. However, when
changing the outcome to be enrollment to specialized services within the community mental
health agency for those with risk of harm to others (Justice System programs) or risk of self-
harm (Skills for Safer Living Support group therapy) among those that received services, the
RHO and SOS showed the expected positive association with enrollment in those programs
(Tables 3.7, 3.8).
For enrollment in the Justice System programs, the RHO scale at elevated level showed the
expected positive association with enrollment in these specialized programs (Table 3.7), along
with schizophrenia and substance use disorders. On the other hand, mood disorders showed
negative associations with these programs.
For enrollment in the self-harm reduction group therapy (Skills for Safer Living program),
the SOS scale also showed an expected positive association with enrollment in this program
at both mid and high-level of the scale, along with being female, elevated level of depression
indicated by the DSI (Table 3.8). Age, schizophrenia, substance use disorders, and 30-day
readmission showed negative association with this program.
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Table 3.7 Adjusted odds ratios of the variables in a multiple logistic regression model of enrollment in
specialized programs for risk of harming others, and their corresponding 95% confidence intervals and























Schizophrenia 1.34 [1.05-1.71] * 1.33 [1.04-1.71] * 1.39 [1.07-1.82] * 1.37 [1.04-1.80] *
Mood Disorders 0.65 [0.48-0.86] * 0.64 [0.47-0.85] * 0.69 [0.50-0.93] * 0.60 [0.43-0.84] *
Substance Use Dis-
orders
1.63 [1.28-2.05] * 1.59 [1.25-2.01] * 1.67 [1.28-2.15] * 1.53 [1.17-2.00] *
RHO (ref 0-2) - - - -
3-4 1.16 [0.74-1.75] 1.09 [0.68-1.67] 1.16 [0.70-1.83] 1.26 [0.75-2.01]
5-6 2.14 [1.26-3.46] * 2.06 [1.20-3.38] * 2.42 [1.39-4.01] * 2.46 [1.35-4.21] *
AUROC 0.62 0.61 0.62 0.62
Abbreviations: RHO, Risk of Harm to Others
Table 3.8 Adjusted odds ratios of the variables in a multiple logistic regression model of enrollment in
specialized programs for risk of self-harm, and their corresponding 95% confidence intervals and p-values























Age (ref 18-24) - - - -
25-44 0.81 [0.52-1.24] 0.85 [0.55-1.32] 0.81 [0.49-1.34] 0.85 [0.54-1.34]
45-64 0.84 [0.54-1.3] 0.86 [0.55-1.35] 0.78 [0.46-1.31] 0.94 [0.59-1.49]
≥65 0.10 [0.02-0.34] * 0.11 [0.02-0.36] * 0.14 [0.02-0.47] * 0.12 [0.02-0.38] *
Female 2.61 [1.74-4] * 2.78 [1.84-4.31] * 2.48 [1.55-4.11] * 2.41 [1.59-3.73] *
Schizophrenia 0.20 [0.1-0.35] * 0.17 [0.08-0.32] * 0.07 [0.02-0.2] * 0.23 [0.11-0.42] *
Substance Use Dis-
orders
0.55 [0.33-0.87] * 0.53 [0.31-0.84] * 0.54 [0.3-0.92] * 0.53 [0.31-0.86] *
DSI (ref 0) - - - -
1-3 1.22 [0.8-1.83] 1.28 [0.84-1.92] 1.32 [0.81-2.1] 1.23 [0.8-1.88]
4-7 1.94 [1.18-3.12] * 2.11 [1.27-3.41] * 1.80 [0.99-3.15] * 1.82 [1.07-3] *
SOS (ref 0-3) - - - -
4 2.44 [1.37-4.19] * 2.33 [1.29-4.05] * 2.68 [1.4-4.91] * 2.55 [1.38-4.51] *
5-6 2.67 [1.82-3.92] * 2.53 [1.71-3.73] * 2.66 [1.69-4.19] * 2.90 [1.94-4.34] *
30-day Readmis-
sion
0.22 [0.05-0.58] * 0.21 [0.05-0.57] * 0.25 [0.06-0.68] * 0.39 [0.09-1.08]
AUROC 0.81 0.81 0.83 0.8
Abbreviations: DSI, Depressive Severity Index; SOS, Severity of Self-Harm
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3.4 Discussion
By using routinely collected data, this study was able to provide insights on the transition from
inpatient psychiatry to community mental health in Waterloo-Wellington region, Ontario. The
results suggested that services appear to be appropriately targeted to those with greater needs.
Specifically, usage and high usage were associated with complex conditions like schizophrenia
(Table 3.6). Specialized programs were more likely provided to those at risk of harming others
and self-harm (Tables 3.7, 3.8). The use of ACT services was also associated with lowered
30-day same hospital readmission rate, and the rate was also lower than that for the rest of the
province during the same period (Tables 3.2, 3.4).
About half of discharges from inpatient psychiatry would subsequently use publicly funded
mental health services in the community (Figure 3.4). The results suggested that typical usage
level for those with mild or moderate conditions is about one hour of in-person service per week
for about seven to eight weeks.
This study only focused on examining the expenditures of services provided by the commu-
nity mental health agency, and not services provided by primary care services, such as family
physicians. Additionally, CMHA-WW does not provide addiction services, therefore the actual
usage was likely underestimated for this sample. While increased complexity appeared to be
associated with subsequent usage of community mental health services post-discharge, factors
associated with aging such as cognitive decline and independent living appeared to be associ-
ated with reduced usage (Table 3.5), possibly due to the exclusion of joint senior mental health
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programs of our study.
Most of the services were initiated with the community mental health agency shortly after
discharge. However, the time to service initiation should not be interpreted as wait time or time
spent on a waitlist. The data obtained for this study only contained when and what services
were provided. Therefore, this study could not identify how long the wait time was, if any.
Since the readmission to inpatient psychiatry would reduce the time spent in the community,
it was expected and observed in this study that readmission was associated with lowered usage
of community mental health services (Table 3.4 and 3.8). By extension, the results also con-
firmed the validity of the RAI-MH rehospitalization clinical assessment protocol in predicting
inpatient psychiatric readmission [101]. Although this study could only provide the temporal
association and not causality between readmission and usage of ACT, the results are aligned
with randomized trials of ACT in reducing hospital use by providing intensive care in the com-
munity [104]. There is also evidence to suggest that readmission does not only reflect the quality
of inpatient care, but also the continuing care post-discharge in other parts of the health care
system [101, 108–110]. Therefore, it was possible the non-usage of community mental health
services post-discharge may also contribute to worsening of health conditions or unmet needs,
which increased the likelihood of requiring more intensive care from the inpatient services.
Sensitivity of censoring and repeated assessments were examined. Overall, in all of the
models, the directions of the associations indicated by the odd ratios were consistent across
subsamples. The statistical significance indicated by the p-values showed minor sensitivity
across some subsamples, which was likely due to power of different sample sizes when considering
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the consistency of the associations indicated by the confidence intervals.
This study highlighted the utility of the RAI-MH assessment beyond the point of care
as it was able to explain the patterns of usage of community mental health services, despite
the fact that the clinical data were collected by an external organization to the resource use
data. Specifically, indicators of clinical complexities such as schizophrenia, substance use,
depression, self-harm were associated with usage of community mental health services post-
discharge (Table 3.5). Similarly, high and specialized service usage were closely linked with
other clinical complexity, such as risk of harm to others, and length of inpatient psychiatric
episode (Table 3.6).
Previous research suggested that information sharing across care settings could improve
quality of care, and reduce confusion about care plan for patients and their care givers [111, 112].
If the assessment is made available across the health care continuum, the discharge assessment
from one setting can aid the care planning in the next care setting. Information from the
RAI-MH such as the diagnosis and clinical scales could be potentially be used as the basis for
service assignment by the community mental health agency, because they closely mirrored how
the community mental health agency allocates services. For example, the RAI-MH discharge
assessment showed that persons at higher risk of harm to others were more likely to be allocated
services specific to the justice system specialized programs, and persons at risk of self-harm were
more likely to be allocated services specific to self-harm reduction from the community mental
health agency (Tables 3.7, 3.8).
This study was not without limitations. First, the data from the community mental health
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agency capture the majority of adult community mental health services but it was not inclusive
of all community mental health services and primary care, such as addiction services provided
by other local agencies, children services, physicians fee-for-service services provided by the
province, senior mental health services provided by joint programs with other organizations,
and possible unobserved service use by non-local residents discharged from GRH. One of the
possible directions for future research is to recruit additional agencies that provide community
mental health services, such as addiction services, to get a fuller picture of health care service
usage patterns in the community. Second, the outcomes of this study were within 180 days of
discharge. While this is a long follow-up window, it was unable to take into account factors that
could shift the window such as wait time, therefore it may not closely match an actual episode of
care. Future research should explore other possible methods of constructing an episode of care
in the community settings, and incorporate additional data sources to examine complexities
related to wait time. Third, the outcome measures were based on direct staff time, which did
not take into account the variation in individual staff’s compensations. In follow-up studies, we
aim to incorporate compensation data to enhance the outcome measures. Lastly, the sample
of this study deviated in both demographic and clinical characteristics from the rest of the
province (Table 3.2), which further supported the need for an expanded study in the future to
obtain a fuller picture.
This study offered a glance at the transition between inpatient psychiatry and community
mental health services in Waterloo-Wellington region, ON and showed that the clinical com-
plexity, indicated by the RAI-MH assessment of patients at discharge, and service use patterns
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were closely linked. The use of community mental health services was associated with better
outcome post-discharge (indicated by 30-day readmission) and could potentially reduce the
demand on intensive services from the inpatient settings.
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Chapter 4
Study Two: Evaluating Existing Case-Mix Classifica-
tion Systems for Use in Community Mental Health
Abstract
Case-mix classification systems play an important role in funding formulas. As mental health
care has been shifting from institutionalization to community-based care, there is an immediate
need for a case-mix classification system specific to community mental health care in order to
support its prospective funding. Since developing case-mix classification is not a trivial task, this
study examined with two existing case-mix classification systems, the System for Classification
of In-Patient Psychiatry (SCIPP) and Australian Mental Health Care Classification (AMHCC),
for their potential utility in community mental health care. The two systems were adapted to
predict community mental health resource use from the clinical characteristics measured at
discharge from inpatient psychiatry. Different approaches in constructing a community episode
of care that were examined. An episode of 90 days from the first contact with the community
mental health agency appeared to be most responsive to indicators of clinical needs, and most
practical for implementation.
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The results showed that the SCIPP was able to explain 6% [95% CI: 3.7, 8.9] of variance in
resource use of a community mental health agency in Ontario, Canada. However, whether an
individual had visited the community mental health agency within 30 days prior to the inpa-
tient episode was an important factor in predicting resource use. Incorporating prior contact
improved the explained variance to 11.9% [95% CI: 8.7, 15.5] of resource use and 14.1% [95%
CI: 10.6, 17.9%] of log-transformed resource use. The SCIPP showed to be fair and equitable
across its sub-groups. The AMHCC was not immediately usable beyond the context of Aus-
tralia due to inoperationalizable concept of phases of care, which requires a clinical decision
that is not possible to derive from a clinical assessment. The simplified AMHCC using only
age, and two clinical assessments achieved only 1.2% of explained variance in the context of
this study. Compared to using diagnosis alone, SCIPP was observed to be more predictive of
community mental health resource use.
4.1 Introduction
Since 2012, the province of Ontario has implemented a new health care funding formula, which
a portion of the total funding to hospitals is driven by the type of patient [26]. The underlying
assumption is that there are shared characteristics among individuals that drive the usage of
health care services. A population can then be divided into groups of people with similar
characteristics that are expected to consume similar levels of health care services. These “case-
mix” groups represent the types of cases that are observed to utilize different levels of resources
within a health care system [23]. There is a tentative plan to expand case-mix funding to
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community mental health services [26].
Currently, in Ontario, funding for community mental health services is still based on global
budget. In order to support the expansion of the new funding approach outlined by the province,
a case-mix classification system for community mental health is needed to support the transition.
Most of the research on case-mix classification for mental health care has primarily focused on
the inpatient settings [113]. In order to support continuity of care across settings and fast-
tracking the development of a new case-mix classification system, it may be advantageous to
determine if existing systems can be used in different settings than the ones in which they were
developed [113]. There are two possible candidates systems that both achieved high explained
variance of resource use in their development studies of about 26% for both, the System for
Classification of Inpatient Psychiatry (SCIPP) [27, 52] and Australian Mental Health Care
Classification (AMHCC) [46].
Using resource use data from a community mental health agency in Waterloo-Wellington
region of Ontario, this study examined how well the SCIPP and AMHCC perform as a predictor
of resource use in a less intensive care settings. The results of this study are expected to con-
tribute to the gap in community mental health case-mix research, and the ongoing development
of funding formulas for the Ontario mental health care system.
4.1.1 System for Classification of Inpatient Psychiatry
SCIPP was developed specifically for inpatient psychiatry settings. SCIPP differentiates 47
levels of resource use (Figure 4.1), measured in per-diem wage-weighted staff time, based on
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clinical profile, measured by the RAI-MH assessment [95]. The development study of SCIPP
observed 2000 inpatients in 34 psychiatric units. The RAI-MH is a mandated comprehensive
assessment for all inpatient psychiatric beds in Ontario, containing over 300 clinical measure-
ments and risk scales derived from the clinical measurements [95]. Each group has a weight
attached, also known as the case-mix index (CMI) (Figure 4.1). The value of the case-mix index
represents the resource intensity of a group relative to a referenced inpatient, derived during
the development of SCIPP.
4.1.2 Australian Mental Health Care Classification
The AMHCC was developed using a sample of 9,976 community episodes [46]. The AMHCC
requires age, the Health of the Nation [55], and Life Skills Profile-16 assessments [46, 67], as
well as a clinical decision of the phase of care. The phase of care for the AMHCC is defined as
the primary goal of care identified prospectively by a clinician engaging with the client to create
their care plan and prior to providing care, which can be one of: acute (short term reduction
in symptom severity and/or personal distress), functional gain (improve personal, social, and
occupational functioning, or promote psychosocial adaptation), intensive extended (prevention
or minimization of further deterioration), consolidating gain (maintain or improve functioning
and/or prevent relapse), and assessment only (information gathering only) [46]. More detailed
guidance on classification of the phase of care are provided by the Independent Hospital Pricing




To operationalize the examination of the two case-mix classification systems, some modification
were required to apply these systems in the context of this study’s data. The SCIPP requires
the Resident Assessment Instrument - Mental Health (RAI-MH) assessment as input for its
algorithm. Since the RAI-MH or a compatible assessment from the interRAI suite of mental
health instruments [52] was not available from the community mental health settings in Ontario,
this study instead used the RAI-MH of patients discharged from inpatient psychiatry and linked
that to their usage data of community mental health services post-discharge.
Although the two assessments used by the AMHCC could be crosswalked from the RAI-
MH using closely related assessment items, the classification of phase of care appeared to be a
decision made by a clinician [114], which cannot be retrospectively derived from the RAI-MH
data alone. In absence of the phases of care information, this study could only replicate a
simplified version of the AMHCC using age, HoNOS assessment, and LSP-16 assessment.
4.2.2 Clinical Characteristics Data
Discharge RAI-MH assessments were obtained from GRH, a hospital with inpatient psychiatric
beds located in the Waterloo Region, Ontario. Their records were linked with service use
records of the Canadian Mental Health Association - Waterloo Wellington (CMHA-WW), a
local community mental health agency. According to CMHA-WW, their chapter is the largest
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of the Canadian Mental Health Association in Canada by staff volume and portfolio of services
offer covering all ages, which made CMHA-WW a good example to study.
The RAI-MH discharge assessments from the GRH were linked with the community mental
health service records using the Ontario health card number and date of birth. If the health card
number linkage was not possible, then linkage using full name and date of birth was used. This
study included all adults who were assessed with the RAI-MH, discharged from the GRH inpa-
tient psychiatry. Children or people who received children mental health services post-discharge
were excluded. Forensic inpatient admissions were excluded because their inpatient stay were
often required by law and beyond the scope of our research ethics application. In-hospital
mortality, transfer, or same day readmission were also excluded because these discharges would
not subsequently use community services. Those who were admitted to inpatient psychiatry
for ≤ 72 hours were excluded because they were assessed using a short version of the RAI-MH
which only captured the intake administrative items.
The data covered the calendar years between 2014 and 2018. This time frame was chosen
because CMHA-WW was established through merging of smaller chapters in 2014 and matched
the current organizational structure. The use of record linkage data was approved by the Grand
River Hospital (# 2018-0669), the CMHA-WW ethics board in October 2018, and the University
of Waterloo (# 40147).
This study also compared the demographics and clinical characteristics of our study sample
to the rest of the province of Ontario by obtaining RAI-MH discharge assessments from the
Ontario Mental Health Reporting System (OMHRS) for the same time period. Since OMHRS
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also contained the GRH data and masked the individual hospitals in the dataset, this study
excluded all three hospitals in the same region (Waterloo-Wellington) as the GRH to remove the
effect of autocorrelation. The use of OMHRS also received ethics clearance from the University
of Waterloo (file number 19917).
4.2.3 Resource Use Measure
To capture the actual resource use, this study relied on the service events data available from
the community mental health agency. Each service event received by the community mental
health agency clients was recorded with a staff’s job title and the duration of time spent with
client. This study only included the direct services, which were services that were provided
directly to the client or by telecommunication. Indirect services that were not driven by the
clinical characteristics included all other client specific activities, such as documentation or case
review. Other non-client specific activities such as staff training or meetings were not available
in the data.
Using the median wage rates provided by the community mental health agency for each job
title, this study calculated a wage-weighted staff time cost measure by multiplying the hourly
wage of staff by the duration spent. For group services, the staff time was divided equally
among the number of clients registered for the group, even if someone did not actually attend
because resources were already allocated from the organization’s perspective.
These data were generally expected to be of good quality because they were used for schedul-
ing of appointments, monitored by management, and used to determine extra pay for eligible
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direct face-to-face time. Service events longer than eight hours, length of a typical work shift,
were reviewed with an analyst from the community mental health agency to determined whether
an error had occurred and corrected if necessary. In many cases, the error was due to data
entry of the time stamp by incorrectly selecting AM versus PM. It was also unlikely for a service
event to span multiple days, so incorrect date entries were also identified and corrected.
4.2.4 Episode of Care
The first challenge is examining the two case-mix classification systems was to define a com-
munity episode of care in order to construct a resource use measure. The concept of an episode
of care is commonly used throughout the health care system to quantify the resource use as a
result of the care activity provided to an user of health care services [115]. The AMHCC de-
fines an episode of care as a period between initiation of services or transfer from the inpatient
setting to the close of the case by the care team or transfer into another setting [116]. Beyond
the Australian context, it was not immediately possible to replicate this definition of episode
of care using this study’s data.
Most of the research on this topic has focused on the inpatient settings, where an episode of
care has definitive start and end points that are easily observed. Therefore an episode of care
defined by the SCIPP was also not applicable. An episode of care in the community settings
is much more complex because the services can be provided for both longer period of time and
intermittently instead of continuously like the inpatient settings. As a result, the care received
long after the discharge from inpatient psychiatry may not be related to the health care needs
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at discharge. Therefore, it was important to determine an appropriate observational window
for the period of ongoing care post-discharge that reflected the care received in the community
driven by the needs at discharge.
Attempts to define an episode of care for community mental health as either an episode
of illness or an episode of disease were also problematic. An episode of illness is defined as
the period of suffering due to symptoms [115, 117, 118]. This definition introduced additional
complexities in defining the symptoms and observing the symptoms in order to construct an
episode. An episode of disease is defined as the period from onset of disease to death or a
completion, such as a cure [117]. Since the nature of mental health care can be chronic, factors
like remission or relapse also add to the complexity of defining the completion of the disease.
A community episode of care should reflect the ongoing nature of care. In other words, the
ongoing care does not have to be continuous on a daily basis, but there should not be a significant
interruption, which can be defined as a change in care setting [45] or an extended period of
inactivity [118]. This study considered readmission to inpatient psychiatry as an indicator of
change in care setting. Empirical data were used to determine the length of inactivity that
indicates an extended period of inactivity that was representative of the observed data.
Nine different ways of defining an episode of care were examined by considering combinations
of three elements of an episode of care: the unit of counting of resource use as the basis for
reimbursement, the start, and the end. These approaches can be categorized in two categories:
interval basis and episodic basis (Table 4.1).
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Table 4.1 Approaches to construct an episode of care





within 30 days of
discharge
Last service event prior to activ-
ity interruption OR change in care
setting. Experiments: intervals of




Discharge Date Discharge date + pre-defined fixed






within 30 days of
discharge
First service event date + pre-
defined fixed follow-up length of
{30, 60, 90} days
Whole episode
The SCIPP was developed to predict resource use on a interval basis [27], which calculated
resource use for each day of an inpatient episode. This approach is also referred to as per-diem
basis because each unit of counting equals to one day [23]. This study experimented with other
interval lengths such as 7 or 14 days (Table 4.1). The start was defined as the first contact post-
discharge indicated by the first service event at the community mental health agency, which is
a commonly used starting point [115]. An interruption indicated by a change in care setting or
extended period of inactivity ended the episode.
Another approach is the episodic basis, which has a fixed start and a fixed follow-up length
for everyone. This study experimented with two options for the start: discharge from inpatient
psychiatry or the first contact with the community mental health agency post-discharge. Dif-
ferent follow-up lengths that have typically been used for an episodic basis were experimented,
such as 30, 60, or 90-day. Although the length and the end of the episode were pre-defined, an
episode would still end pre-maturely if there was a change in care setting. However, the activity
interruption criterion was not taken into account in this approach because one of the rationales
behind this approach was that it removed the complexity of having to define an interruption in
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terms of time. Additionally, the follow-up length can theoretically be longer, such as 180 or 365
days; however, it would not be very practical for the cash flow if the provider was reimbursed
only once or twice a year.
To facilitate comparison across experiments, this analysis restricted the first contact to:
within 30 days of discharge, full 90 days observation window, and no readmission within 90 days
of discharge, so that all experimental episode constructions contained the same data sample.
An appropriate episode of care definition should enable the cost measure to be responsive to
the clinical needs and intensity of service usage. Several proxies of clinical needs and service
use were used to compare the possible episode of care definitions: primary diagnosis, number
of service events, length of previous inpatient stay, number of service days, enrollment (binary)
in specialized programs that aim to help individuals with severe and persistent mental health
issues like Assertive Community Treatment (ACT).
4.2.5 SCIPP as Predictor of Community Mental Health Services Usage Post-
Discharge
In a previous study (Chapter 3), clinical severity were shown to be associated to usage (binary)
and high usage (top 10th and 20th percentile) within 180 days of discharge. SCIPP has a set of
weights, the case-mix index, attached to each of its terminal nodes that represents the resource
intensity of a group relative to other groups. In other words, the case-mix index can be viewed
as an indicator of clinical or functional severity. The association between the case-mix index
of SCIPP and usage (binary) within 30, 60, 90, and 180 days post-discharge was examined
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using logistic regression. Additionally, association between SCIPP’s CMI and high usage (top
10th and 20th percentiles) within 180 days of discharged was examined using logistic regression.
Since some SCIPP groups had small sample sizes, this analysis examined the sensitivity of these
associations for groups with at least 10 observations of usage post-discharge.
4.2.6 Explained Variance in Community Mental Health Resource Use of
SCIPP
Given a classification system like SCIPP, there are two ways to evaluate the predictive per-
formance. First, the SCIPP can be used as a regression tree, in which the predicted value for
each leave is the group mean. This approach is equivalent to a multiple regression model whose
predictors are dummy-coded SCIPP group classification. Second, the SCIPP’s case-mix index
(CMI) can be considered as a risk score, which can then be regressed against the observed costs.
The resource use data are often positively skewed, therefore log-transforming the resource use
to approximate a normal distribution was also considered.
93
Figure 4.1 System for Classification of Inpatient Psychiatry (SCIPP) [27]
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To assess the overall fit of SCIPP, the observed and predicted resource use were used to
calculate the coefficient of determination (R2). However, there are increasing concerns that
decisions made by automated algorithms can perpetuate existing biases, which results in unfair
allocation of health care across ethnicities or sexes [119]. Therefore, this analysis was also
stratified by each SCIPP group and sex. The RAI-MH does not contain a variable on race,
but contains a variable indicating indigenous status. However, indigenous status is a protected
data element that was not available for study under our current ethics application.
In addition to using a global metric like the R2, several metrics were used at the sub-group
level to performed more granular assessment for the most appropriate episode construction
method. The coefficient of variation is a ratio of the standard deviation to the group mean. It
is an indicator of how homogeneous a group is in terms of resource use. Since a classification
system assumes that every case in a group should have very similar clinical needs and resource
use, the coefficient of variance is expected to be close to zero. In addition, the covariance,
covariance(G, Ŷ − Y ) where G{0, 1} indicates the membership of group g, between group
classification and the residuals was shown to be a proxy for fairness [120]. A negative value
indicates that being classified into a particular group resulted in larger under-reimbursement
relative to the rest of the population, or unfair in resource allocation relative to other groups.
4.2.7 Effects of Time to Service Initiation and Prior Contact
Currently, the community mental health agency does not use the discharge assessments as the
basis for their resource allocation, and instead they may use information from both intake and
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previous contacts to allocate resources. Therefore, prior contact could potentially influence on
the performance of SCIPP because it could contain information not available from the discharge
assessment, and by extension not available to SCIPP. This analysis defined prior contact as a
contact with the community mental health agency within 30 days prior to the admission to
inpatient psychiatry.
In addition, the discharge assessment may be a current snapshot of someone’s clinical profile
at discharge, but not everyone initiated services with the community mental health agency
immediately following discharge. Therefore, time to service initiation was also tested for its
potential influence on the performance of SCIPP.
4.2.8 Explained Variance of Community Mental Health Resource Use of the
Simplified AMHCC
The main limitation of the data of this study is that it was not possible to derive the phases
of care retrospectively based on the RAI-MH assessment. Therefore, a simplified version of
the AMHCC was created without the phases of care. This analysis should reflect the potential
explained variance of the remaining components of the AMHCC, which are age, HoNOS, and
LSP-16 assessments.
For each RAI-MH assessment in the data, the 12 items in the HoNOS, and 16 items in the
LSP-16 were derived according to Appendicies A and B. The AMHCC used three versions of
the HoNOS for younger than 18, 18-64, and 65 and older groups [114]. The data in this study
contained mostly individuals between 18-64 and a small number 65 and older, therefore only
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the HoNOS and HoNOS 65+ were used.
The sum total of all items in the HoNOS is referred to as the HoNOS complexity and split
into high or moderate groups [114]. For the individuals at moderate HoNOS, their LSP-16
items were also summed and split into high and moderate levels [114]. In the AMHCC, the
thresholds between high and moderate of the HoNOS and LSP-16 were different for each of
the phases of care [114]. In absence of the phases of care, these thresholds were determined
empirically by fitting a regression tree model to the data of each age group, and using HoNOS
and LSP-16 complexities as predictors (Figure 4.2).
The R2 was calculated for the HoNOS complexity, LSP-16 complexity, and simplified
AMHCC (Figure 4.2) against the observed resource use. The simplified version only con-
tained 6 terminal groups, compared to the possible 46 terminal groups if the five phases of care
were available. Since the simplified AMHCC does not entirely reflect the original AMHCC, the




















Figure 4.2 Simplified version of the Australian Mental Health Care Classification without phases of care
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4.3 Results
This study identified 1,207 discharges that allowed all nine approaches of episode constructions
to have the same number of observations and non-censored episodes either due to readmission
or date of data extract (Figure 4.3). This sample represents only a small portion of all clients
that came into contact with the community mental health agency, which is estimated to be
about 10,000 per year. Table 4.2 showed the counts of observations for each SCIPP groups
from the sample included in this study, as well as from the original SCIPP development study,
the OMHRS, and all discharges from GRH.
The study sample observed 31 out of 47 SCIPP groups. Not all SCIPP groups were observed
in this study sample, such as groups of long inpatient episode of ≥ 730 days and forensic
inpatients (Figure 4.2). Five discharges were not classifiable into a SCIPP group due to missing
data and invalid data (Figure 4.3). In addition, groups with organic disorders or neurocognitive
disorders were also largely absent from the sample, as they would qualify for senior mental health
services offered by inter-agency programs between the community mental health agency and
other agencies, which this study did not have complete resource use data.
The distribution of observations per group for the study sample appeared relatively similar
to the provincial distribution (Figure 4.2). In contrast, the distribution of observations per
group in the original SCIPP study appeared uniform, due to the study’s objective to obtain


















Same Day Readmission or Transfer = 359 Discharges
In-hospital Mortality = 14 Discharges
Inter-agency Senior Programs = 155 Discharges
Children Program = 2 Discharges
Ungroupable SCIPP = 5 Discharges
No Observed Usage Post-Discharge = 1,843 Discharges
Excluded:
Discharge to Service Initiation > 30 Days = 806 Discharges
Service Inititation to Data Extraction < 30 Days = 0 Discharges
Service Inititation to Data Extraction 30-60 Days = 0 Discharges
Service Inititation to Data Extraction 60-90 Days = 0 Discharges
Readmitted within 30 Days of Service Initiation = 177 Discharges
Readmitted within 60 Days of Service Initiation = 67 Discharges
Readmitted within 90 Days of Service Initiation = 53 Discharges
Figure 4.3 Record linkage and sample selection
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Table 4.2 Count of observations in each SCIPP groups from the original development study, discharges















SZPA1 34 (1.7%) 1,187 (0.7%) 15 (0.3%) 2 (0.2%)
SZPA2 41 (2.1%) 2,347 (1.3%) 43 (0.9%) 11 (0.9%)
SZPBA1 39 (2.0%) 4,551 (2.6%) 83 (1.8%) 13 (1.1%)
SZPBB1 65 (3.3%) 675 (0.4%) 0 (0%) 0 (0%)
SZPBB2 30 (1.5%) 1,796 (1%) 0 (0%) 0 (0%)
SZPBC1 40 (2.0%) 1,171 (0.7%) 30 (0.6%) 3 (0.2%)
SZPBC2 45 (2.3%) 2,479 (1.4%) 62 (1.3%) 22 (1.8%)
SZPBC3 52 (2.6%) 5,992 (3.4%) 218 (4.7%) 50 (4.1%)
SZPBD1 49 (2.5%) 34,492 (19.8%) 1,315 (28.1%) 388 (32.1%)
SZPBE1 28 (1.4%) 7,968 (4.6%) 103 (2.2%) 28 (2.3%)
SZPBE2 39 (2.0%) 845 (0.5%) 25 (0.5%) 3 (0.2%)
SZPBF1 32 (1.6%) 2,292 (1.3%) 13 (0.3%) 4 (0.3%)
SZPBF2 33 (1.7%) 1,797 (1.0%) 14 (0.3%) 3 (0.2%)
SZPCA1 31 (1.6%) 8 (0%) 2 (0%) 0 (0%)
SZPCB1 46 (2.3%) 22 (0%) 1 (0%) 0 (0%)
SZPCB2 57 (2.9%) 9 (0%) 0 (0%) 0 (0%)
SZPCC1 55 (2.8%) 107 (0.1%) 2 (0%) 0 (0%)
SZPCC2 38 (1.9%) 15 (0%) 0 (0%) 0 (0%)
ODA1 59 (3%) 823 (0.5%) 56 (1.2%) 0 (0%)
ODB1 30 (1.5%) 594 (0.3%) 19 (0.4%) 0 (0%)
ODB2 75 (3.8%) 1,736 (1%) 68 (1.5%) 0 (0%)
ODC1 64 (3.2%) 4,038 (2.3%) 106 (2.3%) 9 (0.7%)
MDAA1 33 (1.7%) 1,701 (1%) 15 (0.3%) 6 (0.5%)
MDAA2 30 (1.5%) 1,273 (0.7%) 16 (0.3%) 3 (0.2%)
MDAB1 44 (2.2%) 2,923 (1.7%) 54 (1.2%) 17 (1.4%)
MDBA1 37 (1.9%) 733 (0.4%) 5 (0.1%) 0 (0%)
MDBA2 37 (1.9%) 3,742 (2.1%) 31 (0.7%) 9 (0.7%)
MDBC1 34 (1.7%) 653 (0.4%) 1 (0%) 0 (0%)
MDBC2 63 (3.2%) 3,387 (1.9%) 20 (0.4%) 1 (0.1%)
MDBC3 59 (3%) 8,541 (4.9%) 96 (2%) 14 (1.2%)
MDBD1 33 (1.7%) 0 (0%) 0 (0%) 0 (0%)
MDBD2 45 (2.3%) 28,253 (16.2%) 614 (13.1%) 156 (12.9%)
MDBE1 76 (3.8%) 4,989 (2.9%) 56 (1.2%) 22 (1.8%)
MDBE2 40 (2%) 17,520 (10%) 777 (16.6%) 191 (15.8%)
PDA1 41 (2.1%) 3,617 (2.1%) 73 (1.6%) 39 (3.2%)
PDA2 40 (2%) 3,729 (2.1%) 193 (4.1%) 69 (5.7%)
EDA1 30 (1.5%) 592 (0.3%) 3 (0.1%) 1 (0.1%)
SDAA1 34 (1.7%) 6,987 (4%) 144 (3.1%) 48 (4%)
SDBA1 30 (1.5%) 1,561 (0.9%) 56 (1.2%) 16 (1.3%)
SDBA2 33 (1.7%) 2,090 (1.2%) 68 (1.5%) 20 (1.7%)
OTHAA1 31 (1.6%) 667 (0.4%) 18 (0.4%) 3 (0.2%)
OTHBA1 32 (1.6%) 2,982 (1.7%) 121 (2.6%) 28 (2.3%)
OTHBA2 39 (2%) 469 (0.3%) 6 (0.1%) 0 (0%)
OTHCA1 57 (2.9%) 42 (0%) 0 (0%) 0 (0%)
OTHDA1 41 (2.1%) 1,357 (0.8%) 108 (2.3%) 24 (2%)
OTHDA2 39 (2%) 1,001 (0.6%) 22 (0.5%) 4 (0.3%)
OTHDB2 38 (1.9%) 2 (0%) 0 (0%) 0 (0%)
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4.3.1 SCIPP as Predictor of Community Mental Health Services Usage and
High Usage Post-Discharge
The sample was likely under-powered to allow the statistical significant detection of association
between the relative resource intensity of the inpatient setting (indicated by the SCIPP CMI)
and usage of community mental health services post-discharge. This may be because some
SCIPP groups had small observed sample sizes (Tables 4.2, 4.3, 4.4).
When focusing the analysis on groups that had at least 10 observations of usage post-
discharge, a positive association between the SCIPP CMI and usage of community mental
health services within 180 days was observed (Table 4.4). For shorter follow-up periods, from
30-90 days, the odd ratios of SCIPP CMI overlapped 1.00.
Table 4.3 Odds ratios in a logistic regression model of usage post-discharge within different time windows

















SCIPP CMI 0.9 [0.71-1.14] 0.86 [0.68-1.08] 0.87 [0.69-1.10] 0.9 [0.72-1.13]
AUROC 0.51 0.51 0.5 0.5
Table 4.4 Odds ratios in a logistic regression model of usage post-discharge within different time windows
with ≥ 10 observations of usage per SCIPP group, their corresponding 95% confidence intervals, and
p-values < 0.05 indicated by *
Usage within 30
days, observed us-






















SCIPP CMI 1.27 [0.96-1.67] 1.28 [0.97-1.68] 1.3 [0.99-1.72] 1.39 [1.06-1.83]*
AUROC 0.49 0.52 0.52 0.52
101
An additional logistic regression model also showed that there was no statistically significant
association detected between the SCIPP’s CMI and high usage within 180 days of discharge
(Table 4.5). Models of SCIPP’s CMI as predictors of usage and high use of community men-
tal health service usage post-discharge both showed low discrimination, indicated by the low
AUROC.
Table 4.5 Odds ratios in a logistic regression models of high usage within 180 days post-discharge
among those with observed usage post-discharge with different sample selections, their corresponding



















SCIPP CMI 0.78 [0.51-1.16] 0.80 [0.50-1.27] 0.86 [0.49-1.45] 0.86 [0.46-1.56]
AUROC 0.52 0.52 0.51 0.51
4.3.2 Episode of Care
For the interval basis approach in constructing an episode, this study first determined a sensible
definition of activity interruption by calculating the gaps between all two consecutive service
events. The majority of the gaps (95%) were < 28 days (Q1 = 0 day, Q2 = 2 days, mean = 9.9
days, Q3 = 7 days). Based on this result, an interruption of at least 4 weeks (28 days) triggered
the end of an interval-based episode. The ongoing community care post-discharge had a mean
of 16.5 service days [95% CI: 14.6-18.4] stretching over mean of 82.9 days [95% CI: 74.3-91.5].
Restricting the length of the observation window using the episode-based approach expect-
edly captured fewer services days, ranging from means of 3.7 - 8.0 services days (Table 4.6).
Additionally, it appeared that about half of the service days within the 90-day periods were
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received in the first 30 days, indicated by the mean number of service days of episodes of 30-day
versus episodes of 90-day (Table 4.6). About half of the resource use was also consumed within
the first 30 days as well. This is consistent with receiving an initial intake assessment, which
consumed a large portion of staff time up-front; however, service provision tapered off over
time.
Table 4.6 Summary statistics of alternative episode construction approaches
Days with Service
mean [95% CI]








Interval 1-day 16.5 [14.6, 18.4] 28.9 [28.3, 29.4] 19.2 [7.8, 37.9] 1.38
Interval 7-day 16.5 [14.7, 18.4] 38.4 [37.5, 39.3] 25.1 [5.0, 52.5] 1.50
Interval 14-day 16.5 [14.7, 18.4] 73.1 [71.1, 75.0] 49.8 [19.4, 97.0] 1.20
Discharge + 30 days 3.7 [3.5, 3.9] 93.9 [85.9, 101.9] 40.9 [14.0, 124.6] 1.50
Discharge + 60 days 5.9 [5.6, 6.2] 153.5 [141.1, 165.9] 59.7 [17.4, 221.7] 1.43
Discharge + 90 days 7.8 [7.4, 8.3] 211.8 [194.0, 229.5] 72.5 [19.6, 294.2] 1.49
1st Contact + 30 days 4.1 [3.9, 4.2] 102.5 [94.1, 110.9] 46.6 [15.5, 141.5] 1.45
1st Contact + 60 days 6.2 [5.9, 6.5] 161.1 [148.2, 174.0] 62.8 [17.9, 232.2] 1.41
1st Contact + 90 days 8.0 [7.6, 8.5] 217.2 [199.2, 235.2] 74.4 [19.9, 309.4] 1.47
The examination of experimental episode constructions and their correlation with indicators
of clinical needs and service use showed that overall the correlations were weaker for the log-
transformed resource use (Table 4.7).
The interval basis approach (episodes of 1-, 7-, 14-day intervals) appeared to be less cor-
related with indicators of clinical needs, such as: diagnosis of schizophrenia, major diagnoses,
and usage of ACT program, than the episodic basis approach (Table 4.7). This approach also



































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































For the episodic basis approach (episodes of 30, 60, 90 days from either discharge or first
contact with the community mental health agency), the longer episode length of 90-day ap-
peared to be more correlated with indicators of service use than the 30 or 60-day lengths (Table
4.7). The difference in correlation was not as noticeable for indicators of clinical needs for longer
follow-up periods.
The comparison of using different episode starting points, either discharge date or first
contact with the community mental health agency, showed that there was no major difference
in responsiveness to indicators of service use or clinical needs (Table 4.7). In practice, it
may be easier to use the first service contact as the start of an episode because it does not
assume that the discharge date is readily available or known by the community mental health
agency. Additionally, the discharge date is only applicable to individuals who previously had
an inpatient episode, therefore using the first service contact has a broadly applicability to the
whole population. Overall, a 90-day community episode of care starting from the first contact
appeared to be the most appropriate given the data.
4.3.3 Explained Variance in Community Mental Health Resource Use of
SCIPP
Using the SCIPP groups as categorical variables resulted in better explained variance than
using the SCIPP’s CMI (Table 4.8). The log-transformed resource use resulted in less explained
variance than the raw resource use data. SCIPP at the time of inpatient psychiatry discharge
was able to explain up to 6% of the variance of resource use for 90 days from the first contact
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post-discharge.
This result aligned with the analysis of different episode constructions in showing that an
episode of 90 days from the first contact was the most appropriate for the data (Table 4.7).
Additionally, the low explained variance of the discharge SCIPP’s CMIs showed that the CMIs,
which were meant to predict inpatient service use, was not good predictors of usage and high
usage of community mental health services post-discharge (Tables 4.3, 4.4, 4.5).














CMI R2 [95% CI]
Interval 1-day 0.016 [0.013, 0.02] 0.036 [0.031, 0.041] 0.000 [0.000, 0.001] 0.002 [0.001, 0.003]
Interval 7-day 0.028 [0.023, 0.033] 0.021 [0.017, 0.026] 0.000 [0.000, 0.000] 0.000 [0.000, 0.001]
Interval 14-day 0.046 [0.037, 0.055] 0.043 [0.035, 0.052] 0.000 [0.000, 0.001] 0.001 [0.000, 0.003]
Discharge + 30 days 0.048 [0.027, 0.074] 0.055 [0.033, 0.082] 0.001 [0.001, 0.007] 0.004 [0.000, 0.014]
Discharge + 60 days 0.058 [0.035, 0.085] 0.054 [0.032, 0.081] 0.001 [0.001, 0.008] 0.003 [0.000, 0.012]
Discharge + 90 days 0.060 [0.037, 0.089] 0.053 [0.031, 0.08] 0.001 [0.001, 0.007] 0.002 [0.000, 0.011]
1st Contact + 30 days 0.051 [0.029, 0.078] 0.055 [0.033, 0.083] 0.001 [0.001, 0.008] 0.003 [0.000, 0.013]
1st Contact + 60 days 0.059 [0.035, 0.087] 0.052 [0.03, 0.079] 0.001 [0.001, 0.007] 0.002 [0.000, 0.011]
1st Contact + 90 days 0.060 [0.037, 0.089] 0.053 [0.031, 0.08] 0.001 [0.001, 0.007] 0.002 [0.000, 0.011]
Abbreviations: SCIPP, System for Classification of Inpatient Psychiatry; CMI, Case-mix Index
At the sub-group level, the coefficient of variation and confidence intervals of the means of
the observed resource use for episodes of 90 days from the first contact suggested that there
was still a lot of within group variation (Table 4.9).
The covariance and its confidence intervals between group classification and the residual
errors indicated that the two variables were independent for all groups. When stratifying by
sex, the covariance was -2.90 [-11.61, 5.39], indicating that sex and residual difference were also

















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































4.3.4 Effects of Time to Service Initiation and Prior Contact
The explained variance of SCIPP for community mental health resource use was examined at
different points in time after discharge from inpatient psychiatry. The results showed that the
explained variance decreases quickly within the first few days of discharge (Figure 4.4). The
decrease was observed for both groups of those who had contact with the community mental
health agency within 30 days prior to their inpatient episode and those who did not. The
decrease lasted longer for the group without prior contact. The explained variance performance
stabilized for both groups around the 30-day post-discharge mark. Although the confidence
intervals overlapped, the explained variance of SCIPP appeared higher for those with prior
contact than those without prior contact after the trends stabilized.
Figure 4.4 Explained variance and 95% confidence intervals of resource use for episodes of 90 days from
first contact post-discharge using SCIPP, stratified by contact within 30 days prior to inpatient admission
When contact prior to the inpatient episode was included as another split in the regression
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tree, the explained variance of resource use 90 days from first contact post-discharge using
SCIPP improved to 11.9% for the raw resource use and 14.1% for the log-transformed resource
use (Table 4.10). However, the explained variance of the CMI did not improve with the addition
of prior contact variable.
Table 4.10 Explained Variance of SCIPP and Prior Contact within 30 days of inpatient admission for


















CMI R2 [95% CI]
Interval 1-day 0.017 [0.013, 0.02] 0.038 [0.033, 0.044] 0.000 [0.000, 0.001] 0.002 [0.001, 0.003]
Interval 7-day 0.028 [0.023, 0.034] 0.022 [0.018, 0.027] 0.000 [0.000, 0.000] 0.000 [0.000, 0.001]
Interval 14-day 0.049 [0.04, 0.058] 0.053 [0.044, 0.063] 0.000 [0.000, 0.001] 0.001 [0.000, 0.003]
Discharge + 30 days 0.089 [0.061, 0.122] 0.130 [0.096, 0.167] 0.001 [0.001, 0.007] 0.004 [0.000, 0.014]
Discharge + 60 days 0.114 [0.083, 0.15] 0.134 [0.100, 0.172] 0.001 [0.001, 0.008] 0.003 [0.000, 0.012]
Discharge + 90 days 0.121 [0.088, 0.157] 0.143 [0.108, 0.181] 0.001 [0.001, 0.007] 0.002 [0.000, 0.011]
1st Contact + 30 days 0.094 [0.065, 0.127] 0.133 [0.099, 0.17] 0.001 [0.001, 0.008] 0.003 [0.000, 0.013]
1st Contact + 60 days 0.117 [0.085, 0.152] 0.136 [0.101, 0.173] 0.001 [0.001, 0.007] 0.002 [0.000, 0.011]
1st Contact + 90 days 0.119 [0.087, 0.155] 0.141 [0.106, 0.179] 0.001 [0.001, 0.007] 0.002 [0.000, 0.011]
Abbreviations: SCIPP, System for Classification of Inpatient Psychiatry; CMI, Case-mix Index
4.3.5 Explained Variance in Community Mental Health Resource Use of the
Simplified AMHCC
The results showed that the HoNOS and LSP-16 complexities were very limited in their ability
to explain the variance of observed community mental health resource use in the context of this




































































































































































































































































































































































































































































































































































































































































































































































































































































































































In order to operationalize the simplified AMHCC (Figure 4.2), two regression tree models
were fitted to stratified sub-samples of two age groups (18-64 and 65+) to determine empirical
high complexities thresholds for the HoNOS and LSP-16. The results showed that thresholds
for high complexities that maximized the R2 on empirical data are: HoNOS > 24 and LSP-16
> 13 for the 18-64 age group, and 10 and 2 respectively for the 65+ group (Figure 4.2). The
simplified AMHCC (Figure 4.2) using the combination of age, HoNOS and LSP-16 achieved a
maximum of 1.2% of explained variance in observed resource use for an episode of 90 days from
first contact (Table 4.11).
4.4 Discussion
Overall, the results suggested that SCIPP partitioned clients of community mental health ser-
vices into relatively homogeneous groups in term of resource use better than using diagnosis
alone (Tables 4.7, 4.8). SCIPP at inpatient psychiatry discharge, by itself, explained a mod-
est amount (6%) of variance of community mental health resource use, while diagnosis only
explained up to 2.6% of variance. Age, HoNOS, and LSP-16 components of the AMHCC
explained 1.2% of variance.
In general, case-mix classification systems for community mental health generally have lower
explained variance than other care settings, such as nursing home care of more than 50% [32]. A
previous review found the range of explained variance for community mental health was between
<1% to 26% (Chapter 2) [113]. The majority of systems reviewed achieved R2 between 5-10%,
and newer systems from Australia and New Zealand were the best performers [113]. First, it
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is worth noting that many systems found in the literature review predicted resource use on an
annual basis, which could make magnitude of the variance relative to the total resource use less
prominent and resulted in better performance. Second, the reported performance from most
studies were the performance based on the training data and not on a prospectively validation
dataset like this study, which could have resulted in an overestimation [113]. The highest
prospectively validated was by the PsyCMS (R2 = 6.4%) developed using a sample from the
US Veterans Affairs close to 1 million but it aims to explain both inpatient and outpatient
services on an annual basis [50]. The PsyCMS classification system uses diagnoses as the main
differentiator of levels of resource use.
The coefficient of variance of SCIPP showed that there was still large within group variance
of resource use (Table 4.9). The covariance of group classification and residual errors showed
that equitable allocation of resource was observed across SCIPP groups or by sex (Table 4.9).
Time to service initiation and prior contact with the community mental health agency could
have an influence on the explained variance of SCIPP. Longer delay in service initiation post-
discharge appeared to have a negative effect on explained variance of SCIPP for those who did
not have prior contact with the community mental health agency (Figure 4.4). One possible
explanation is that the lag between the inpatient discharge and community service initiation
could make the information from the discharge assessment less accurate as a measure of a
person’s actual clinical characteristics at service initiation. Therefore, the predictive power of
the discharge assessment could be reduced as the gap increases. These results pointed towards
the need to have contemporaneous clinical data at the time of community service initiation.
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When taking into account prior contact with the community mental health agency, the
performance of the model that included SCIPP improved up to 14.1% (Table 4.10). One possible
explanation for the difference in explained variance for the sub-group who had prior contact and
the ones who did not was that the community mental health agency may have had a better sense
of the person’s needs because they were familiar to the staff. Those who had a prior contact
also might already have a care plan ready to start immediately after discharge from inpatient
psychiatry. Therefore, despite the effect of delay between discharge and service initiation, the
resource use post-discharge was likely structured, and by extension, more predictable. Whereas
those who did not have a prior contact may first need to go through an in-depth assessment in
order to create a care plan. Compounded with the effect of delay between discharge and service
initiation, the resource use for this sub-group was likely more variable than a pre-determined
care plan.
More research is needed to refine and adapt SCIPP for use in the community setting.
Alternatively, there may be a need for a new case-mix classification system for community
settings. The use of inpatient days of stay may be relevant for inpatient psychiatry but was not
observed to be informative to resource use post-discharge. However, a closely related length
of service indicator such as days since community episode initiation may also be relevant in
predicting community resource use. Specifically, it was observed that the first 30 of 90 days of
a community episode could consume up to half of the total resource use of the episode (Table
4.6). Prior contact with the community mental health agency could potentially be another
differentiator with a similar effect to inpatient length of stay, in which having a prior contact
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with the community mental health agency resulted in higher explained variance of community
resource use.
Future research should also consider a few fundamental differences in the two settings.
SCIPP was developed for inpatient care settings, which have a different pattern of resource
consumption. Such differences in usage pattern were significant enough to warrant a separate
classification systems tailored for each care settings in previous research from Australia and
New Zealand [35, 45]. Additionally, differences across care settings could have contributed to
why the SCIPP’s CMI did not perform well as a predictor of resource use in the community
settings. The results showed that the relative resource intensity of the inpatient psychiatry
(indicated by the SCIPP CMI) may not be well calibrated for the community resource use
data (Tables 4.3, 4.4, 4.5, 4.8). Some factors that are associated with high resource intensity
of SCIPP were risk of self-harm and harming others (Figure 4.1, 4.2). In a previous study
(Chapter 3), it was shown that these factors are not always associated with high community
service resource use. However, these factors were associated with receiving specialized services
designed for clients at risk of self-harm and harming others, which may have a different pattern
of usage compared to the inpatient settings. For example, the specialized programs serving
clients at risk of self-harm provided services in a group setting that had the effect of lowering
the intensity of resource consumption per client. More research is needed to fully understand
the pattern of usage of clients at high risk of harming others because it involves the interaction
between the services provided by justice system and services provided by the community mental
health agency that the data of this study do not fully cover.
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For the AMHCC, due to the inability to derive the phases of care from the RAI-MH data,
the analysis was only partial, focusing only on the performance of age, HoNOS, and LSP-16.
These components were observed to be limited in explaining only 1.2% of variance in the context
of this study. This analysis used a rudimentary crosswalk from the RAI-MH to the HoNOS
and LSP-16 using closely related items but not entirely exact, which could also contributed to
the low observed performance. Although it is typical for the explained variance to be lower in
replication studies compared to original development study, the results suggested that the bulk
of the explanatory power of the AMHCC was likely came from the phases of care component.
In its development study, the phases of care explained up to 20.6% out of 26.6% of the total
variance observed [46]. Therefore, the poor observed explained variance of the AMHCC without
phases of care was not entirely surprising.
The use of phases of care appeared to be a barrier in applying the AMHCC beyond the
Australian context. The phases of care attempted to bring together two concepts of needs of
care and goals of care [114], which are determined at the start of a community episode by
a clinician. The definitions of the phases of care were not immediately operationalizable or
derivable from other well-known mental health assessments, including the HoNOS, LSP-16,
and RAI-MH.
Since the phases of care are determined by a clinician, it is possible that some degree
of subjectivity may be part of the determination. In terms of resource allocation, room for
subjectivity may give rise to potential of up-coding or gaming for financial incentive. In terms
of risk adjustments or population comparison applications, more research is needed to establish
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the inter-rater reliability of the phases of care and the extent of their validity in other countries
given that they are not entirely driven by the measurable clinical characteristics.
The main limitation of this study was selection bias of the sample containing only people who
were recently discharged from inpatient psychiatry. This sample may represent a narrow set of
people at higher clinical needs than the average clients served by the community mental health
agency. With an implementation of an assessment tool that is compatible with the SCIPP at the
community mental health agency, a replication study that uses the full population of community
clients can offer a better estimation of performance. Most importantly, a more contemporaneous
community mental health clinical assessments measured at the time of community service that
are paired with community resource use are needed to counter the effect of time to service
initiation delay observed in this study.
Additionally, the study sample also excluded clients with cognitive disorders who are served
by the inter-agency programs, which would have been classified to be at high resource intensity
according to SCIPP. The community mental health agency of this study does not provide
addiction services, therefore resource use related to addiction services were also absent from
the study data. The resource use data for these subgroups is also needed in future replication
study.
This study also made contribution to the topic of episode of care by testing several methods
of episode of care construction using empirical community mental health resource use data. The
results suggested that a simple 90-day period from the 1st contact is an appropriate method to
construct a community episode of care. It appeared to be clinically relevant and responded well
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to other indicators of service use intensity (Table 4.7). Although an interval basis approach
in episode construction was not shown to be optimal, they offered additional insights into the
usage pattern of community mental health services. The data confirmed the intermittent nature
of community service use, which could be ongoing for a long time period (mean of 82.9 days)
(Table 4.6). The mean of the activity interruption gaps (9.9 days) showed that the frequency
of service use was likely to be between a weekly or bi-weekly basis.
This study contributed to existing case-mix classification research through experimentation
with different episode construction methods for non-continuous care in community settings,
testing an inpatient psychiatric and a community mental health case-mix classification systems
in a new context. Despite its limitations, the use of discharge SCIPP grouping classification
can offer an improved prediction of resource use for community mental health compared to
using diagnosis alone for the subset of people previously discharged from inpatient psychiatry.
SCIPP has the potential to allocate resources in an equitable manner for community mental
health services. The AMHCC was not immediately usable beyond the Australian context. More
research is needed to refine and tailor SCIPP for community settings to maximize its potential
as a viable classification system. Alternatively, further development of a new community mental
health case-mix classification can also be done by using contemporaneous assessment data at
the time of community service initiation and the community resource use data.
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Chapter 5
Study Three: Classifying Resource Use for Commu-
nity Mental Health Services at the Transition from
Inpatient Psychiatry Using Machine Learning
Abstract
Case-mix classification systems connects the measures of clinical needs and health care resource
use at the individual level. Machine learning algorithms were used to classify levels of observed
community mental health service resource use for a sample of adults discharged from inpatient
psychiatry. Cross-validation results showed that the achievable explained variance of community
mental health resource use by the clinical information measured at discharge from inpatient
psychiatry is about 12%. Simple decision trees models showed comparable performance as
complex models in cross-validation. Although machine learning can uncover patterns in the
observed data, human expertise is still required in the development of case-mix classification
system to ensure that the resource allocation does not only fit the observed data but also
supports the objective of delivering better outcomes. This study showed that combining insights




Individuals who use community mental health services vary widely in terms of their clinical
needs. From the point of view of a health care system, it is possible to measure the clinical
needs in a standardized manner. Examples of standardized measures of clinical needs may
include psychiatric diagnosis (e.g., the Diagnostic and Statistical Manual of Mental Disorders)
and clinical severity scores related to symptoms or levels of risk of adverse outcomes. Ideally, the
delivery health care services should be related to clinical needs. The absence of such a connection
for the mental health care system may lead to inequity gaps in health care funding, biases
in monitoring performance based on outcomes of care, and hindrance in long-term capacity
planning [34].
Case-mix classification systems aim to connect the measures of clinical needs and resource
consumption. A case-mix classification system partitions the population into relatively homo-
geneous groups based on resource utilization and similar clinical needs [23, 34]. It enables a
clinically meaningful way of relating the health care needs to the resources required for pro-
viding care, the expected health outcomes at the individual level, and quality measures and
capacity planning at the organization or health system level [34].
The province of Ontario, Canada has planned to convert their current funding for mental
health based on a fixed global budget to a funding formula in which a portion of the funding
is based on case-mix classification [26]. Case-mix classification systems have the potential to
contribute to equity in treatment allocation and more efficient use of health care funding [19].
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However, most case-mix classification systems for mental health focused only on the inpa-
tient psychiatry settings, and not the community mental health settings [113], despite the fact
that mental health care has shifted from facility-based care to community care in the past few
decades [8, 10–12].
Few case-mix systems have attempted to track patients across care settings, except for
those from Australia and New Zealand that attempted to unify two separate classifications
for inpatient and community settings together [113]. Since of the approaches to care between
these settings share some similarities and overlaps, there should be some continuity of relations
between need and resource use between inpatient and community-based care. In a previous
study (Chapter 4), the System for Classification of In-Patient Psychiatry (SCIPP) at discharge
from inpatient settings explained about 6% of variance in resource use of community mental
health resource use in the 90 days after discharge from psychiatry, and up to 14% of the log-
transformed resource use when taking into account contact with the community mental health
agency prior to the inpatient episode. The SCIPP was developed specifically for the inpatient
settings and some aspects were not compatible with the community settings. For example, the
use of inpatient days of stay as an indicator of resource intensity is not likely to be related to
resource intensity in the community over time.
Using data from one of the largest community mental health agencies in Ontario and Canada,
this study experimented with several strategies to build models for predicting community mental
health resource use post-discharge using the clinical assessment done at discharge from inpatient
psychiatry. The results are expected to contribute to the ongoing effort of Ontario to develop
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a case-mix classification for community mental health settings.
5.2 Methods
5.2.1 Data Sources
People discharged from inpatient psychiatry at a hospital in the Waterloo-Wellington region of
Ontario (Grand River Hospital) were followed to capture their usage of publicly-funded commu-
nity mental health services post-discharge. Their provincially mandated Resident Instrument
Assessment - Mental Health (RAI-MH) discharge assessments were obtained as the source of
clinical input that is expected to predict subsequent usage of community mental health services.
The RAI-MH assessment is required to be done at admission, discharge, and every 90 days for
all inpatients admitted to psychiatric beds in Ontario. The assessments measures many clini-
cal domains at the individual level, including embedded clinical severity scales and assessment
protocols that can summarize the assessment in several key areas [52].
Records from two organizations were linked using primarily health card number and date
of birth. If the linkage was not successful with the primary method, a secondary method of
using full name and date of birth was subsequently attempted. The data spanned the 2014-2018
calendar years. The use of these data and record linkage was approved by the Grand River
Hospital (# 2018-0669), the CMHA-WW ethics board in October 2018, and the University of
Waterloo (# 40147).
The study sample included inpatients who initiated services from the community mental
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health agency within 30 days post-discharge. In a previous study (Chapter 4), delay in service
initiation could reduce predictive utility of the clinical data, possibly due to the changes in
the clinical profile over time compared to at discharge. Therefore, this study limited the time
between discharge and service initiation. To ensure that episodes of care observations were
comparable, this study only included episodes with no readmission within 90 days, and not
right-censored.
Additionally, those who were younger than 18 at discharge, received children mental health
services post-discharge, and forensic inpatient admissions were excluded because the ethics
application only approved the study of adults. Discharges due to transfer, same day readmission,
or in-hospital mortality were also excluded because these discharges would not subsequently
use community mental health services. Admissions to inpatient psychiatry for ≤ 3 days were
excluded because only the intake administrative information part of the RAI-MH was required
to be filled out.
In a previous study (Chapter 4), an episode of 90 days starting from discharge appeared
to be an appropriate episode of care used for follow-up to capture resource use post-discharge.
The resource use data used in this study was the wage-weighted staff time of direct services
provided by a community mental health agency in the Waterloo-Wellington region (Canadian
Mental Health Agency - Waterloo Wellington).
Direct services that were directly provided to a client either in person or virtually, and
not covered under fee-for-service arrangement (such as services provided by psychiatrist or
physicians). Indirect services are activities such as: documentation, case review, and care
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team consultation. Non-client specific activities, such as staff training or meetings, were not
available and also not included in the resource use data of this study. Services provided through
an inter-agency programs were not included because of data gaps from partner agencies for some
services.
Each service encounter at the community mental health agency was recorded with the staff
time duration and job title. Using the median wage rates, this study calculated the wage-
weighted staff time cost measure for each service encounter. For group services, the wage-
weighted staff time was divided equally for all clients registered because resources had already
been allocated from the agency’s point of view.
These data were expected to be of good quality because they were used for scheduling of
appointments, monitored by management, and used to determine extra pay for eligible direct
face-to-face time. Additionally, manual verification of data was done for service events longer
than a typical work shift of eight hours. Errors in time entry of AM versus PM, or date entries
were corrected.
5.2.2 Exploring Limits of Explained Variance Using Machine Learning
Predictive models of resource use often required human expertise to select relevant predictors.
For example, the SCIPP was constructed iteratively by a working group of experts and clin-
icians [27]. However, since the early 2000s when SCIPP was developed, there has been great
advancements in machine learning techniques and software that automated the process of build-
ing predictive models. Several machine learning techniques were used to explore the limits of
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explained variance in resource use that can be predicted by the discharge assessment. The
machine learning algorithms were used in this study can be broadly classified in two groups:
generalized linear models and tree-based models. The machine learning algorithms used were
included R package caret [121].
Generalized linear models are algorithms that model the output as a weighted linear
combination of the input variables. The most basic form is the linear regression. While
adding more variables to a model could improve the explained variance, it could also lead
to having too many co-linear variables. To mitigate such issue, approaches in penalizing the
magnitude of each coefficients were used in this study.
Specifically, two additional generalized linear models beside linear regression were consid-
ered, Least Absolute Shrinkage and Selection Operator regression or L1 [122] and the Ridge
regression or L2 [123]. Similar to the typical linear regression, L1 and L2 methods also estimate
the coefficients for each variables by minimizing the residual errors between the predicted and
observed output. However, these methods add a penalty term proportional to the magnitude
of the coefficients to the residual errors, which have the effect of inflating the residual errors
and shrinking the magnitude of the coefficients to produce potentially simpler models. The
main difference is that L1 adds a penalty term that is proportional to the absolute value of
the coefficients, and L2 adds a penalty term that is proportional to the squared value of the
coefficients.
Both methods require a constant value to scale the penalty parameters to be specified (also
known as a hyperparameter) to be specified a priori instead of being estimated by learning
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from the data. In order to choose the most optimal value, for each candidate value of the
hyperparameter, a 50-fold cross validation with 20 repeats was used in this study to find values
of hyperparameter that maximized the mean R2 on the testing subsets. The possible values of
the hyperparameters were trialed randomly because empirical experiments showed that random
trials of the hyperparameters are both computationally efficient and yielded acceptable perfor-
mance compared to manual or pre-defined search [124]. Since the sample size was limited, the
cross-validation was also configured to maintain the same proportion of major diagnoses that
is representative of the dataset across all folds, according to Table 3.2.
Tree-based models makes prediction by recursively dividing a population using input vari-
ables into smaller subsets of observations that are relatively homogeneous. Tree-based models
can be advantageous because the grouping of observations into homogeneous groups mirrors
classifications in biology (such as phenotype) and medicine (such as disease classification) [125].
The first case-mix classification ever developed, Diagnosis Related Group, was a tree-based
model [59]. Other popular tree-based case-mix classification systems include the Resource
Utilization Groups [30]. Additionally, issues related to co-linearity and interaction among vari-
ables are handled in tree-based models because subsequent splits of tree are conditional upon
the parent split.
The simplest form of tree-based model in this study was the Classification and Regression
Tree algorithm (CART) [126]. CART searches through all input variables to find a cut off
value that minimizes the sums of square errors. Similar to linear regression, CART can build a
complex model with many variables but could lead to generalizability issues. To prevent CART
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from building overly complex model, a complexity hyperparameter is used. The complexity
parameter sets a threshold that the overall R2 must increase by in order to split further [121].
Cross-validation was also used to find the optimal value for this hyperparameter.
An alternative approach to using the sums of square errors as the criterion for choosing a
split is to use conditional inference tests [127]. For each possible split, the conditional inference
tree (ctree) algorithm first tests for independence between all input variables and the output,
and selects the variable with strongest association with the output indicated by the p-value.
The algorithm stops when the null hypothesis cannot be rejected, which was set for p < 0.05.
Tree-based models can also be more complex by combining more than one tree to make a
ensemble model. Two approaches in ensembling were used, random forest [128] and extreme
gradient boosting (xgboost) [129]. Random forest makes improvement over a simple regres-
sion tree by aggregating predictions of many trees using majority votes [128]. Each tree is built
using a bootstrap sample of the data and restricting the number of candidate variables available
for splitting. The hyperparameters to be optimized using cross validation is the number of trees
and number of candidate variables available for trial at each split. This approach can be viewed
as an attempt to simulate a broader range of potential observed cases and aggregate the results
to minimize biases that may exist in the full data sample. Xgboost makes improvements on
random forest by sequentially aiming to improve the prediction of the previously trained tree by
minimizing the residual errors using a gradient descent algorithm (or partial derivative to find a
minimum value) [129]. This approach can be viewed as making step-wise improvements instead
of having each tree as an independent prediction attempt like random forest. Cross-validation
126
was also used to optimize the following hyperparameters: the learning rate that weights the
contribution of each tree toward the final prediction, the minimum error reduction required to
make further split, the maximum depth of each tree, minimum number in each node, ratio of
the sample used for training, and number of variables available to construct each tree.
5.2.3 Exploring the Minimum Functional Set of Input Variables
The role of the input variables is important in maximizing the clinical relevance of a case-mix
system. In a previous study (Chapter 2), the role of input variables was discussed extensively.
There are several categories of variables: health care needs, process, historical, and individual-
level versus provider-level variables. The emphasis should be to given to variables that are
indicators of health care needs at the individual-level, such as diagnosis, clinical severity scales,
and clinical assessment protocols. Process variables should be avoided since they provide the
incentive to do increase volume of high price procedures. Historical variables can be used if
they have a long-term relevance in describing a person’s health care needs; however, historical
variables are insensitive to change in clinical conditions. Since this study examined community
mental health resource use from a single organization, no facility-level variables were considered.
In this study, four subsets of input variables were examined for their utility in predicting
resource use. The simplest set of input variables is age (groups of 18-25, 26-44, 45-64, 65+),
sex, and diagnosis (coded as binary for schizophrenia, cognitive disorders, mood disorders, per-
sonality disorders, eating disorders, substance use disorders, and all others), which are usually
available from most care settings. The most complex set of input variables is simply to use all
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clinical variables available from the RAI-MH assessment.
The RAI-MH assessment can be summarized using clinical scales and clinical assessment
protocols (CAPs), which could be a more efficient way to include key clinical domains rather
than using numerous related items individually. The third set of input variables considered
was diagnosis, clinical scales, CAPs, and prior contact with community mental health agency
within 30 days prior to inpatient psychiatry admission. The last subset added comorbidity
count, Charlson Comorbidity Index (CCI) [130] to diagnosis, clinical scales, CAPs, and prior
contact. The clinical scales and CAPs of the RAI-MH are listed in Tables 5.1, 5.2.
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Table 5.1 List of clinical scales (continuous variables) embedded in the RAI-MH assessment
Clinical Scales Purpose Components
Aggressive Behav-
ior Scale (ABS)
Measures frequency and di-
versity of aggressive behav-
iors




Measures ability to carry out
daily living activities
Personal hygiene, locomotion, toilet use, eating
Anhedonia Count of symptoms of anhe-
donia
Anhedonia, withdrawal from activities of interest,








Measures cognitive status Daily decision making, short-term memory, expres-
sion, self-performance in eating
Depression Rating
Scale (DRS)
Count of indicators of nega-
tive mood
Negative statements, persistent anger, unrealistic
fear, repetitive health complaints, repetitive anxious
complaints, sad facial expressions, crying
Depressive Severity
Index (DSI)
Count of depressive symp-
toms






Measures higher level func-
tion based on others’ percep-
tions of a person’s ability to
perform IADLs
Meal preparation, ordinary housework, managing fi-
nances, managing medications, phone use, shopping
transportation
Mania Count of symptoms of mania inflated self-worth, hyperarousal, irritability, in-
creased sociability, pressured speech, labile effect,
sleep problems due to hypomania
Pain Measure of pain Pain frequency, pain intensity
Positive Symptoms
Scale Short(PSSS)




Count of positive symptoms PSSS, inflated self-worth, hyperarousal, pressured
speech, abnormal movement
Risk of Harm to
Others (RHO)
Measures risk of harm to
other people
History of violence or extreme behavior, ABS, pos-




Measures ability to care for
self
Cognitive skills for decision making, insight into
mental health, positive symptoms, making self un-
derstood, abnormal thought process, poor hygiene,
decreased energy, mania, anhedonia
Severity of Self-
Harm (SOS)
Measure risk of harm to self Self-injury ideation, history of suicide attempt, pos-
itive symptoms, severity of depression, CPS, family
concerned about self-injury, suicide plan
Social Withdrawal
Scale (SWS)
Count of social withdrawal
indicators
Lack of motivation, reduced interaction, decreased
energy, flat/blunted affect, anhedonia, loss of interest
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Table 5.2 List of clinical assessment protocols (categorical variables) embedded in the RAI-MH assess-
ment
Clinical Assessment Protocols (CAPs) Purpose
Harm to Others (mhcHARMOTH) Indicates imminent risk of harm to others
Self-Harm (mhcSELFHARM) Indicates high and imminent risk of self-harm
Self-Care (mhcSELFCR) Indicates risk of inability to care for self
Social Relationships (mhcSOREL) Indicates risk of social isolation friendship or family dys-
function
Informal Support (mhcINFSUPP) Indicates need for support related to mental health symp-
toms, physical disability, or cognitive impairment
Support System for Discharge (mhcSS-
DIS)
Indicates difficulties post-discharge due to lack of resources
Interpersonal Conflict (mhcIPCON) Indicates conflict within specific relationships and
widespread conflict
Traumatic Life Events (mhcTRAUMA) Indicates impact of prior traumatic life events or immediate
safety concerns
Criminal Activity (mhcCRIM) Indicates risk of criminal behavior
Personal Finance (mhcFINAN) Indicates hardship due to loss of income or poverty, inca-
pable of managing property
Education and Employment
(mhcEDEMP)
Indicates risk of losing employment, dropping out of school,
and need for employment and education support
Control Intervention (mhcCTRLINT) Indicates the need for control interventions
Medication Management and Adher-
ence (mhcMEDMGT)
Indicates problems with medication management due to
cognitive deficits positive symptoms, or stop taking medi-
cation due to side effects
Rehospitalization (mhcREHOSP) Indicates risk of being readmitted within 180 days or sooner
Smoking (mhcTOBUSE) Indicates risk of withdrawal symptoms and recent tobacco
use
Substance Use (mhcSUBUSE) Indicates problematic or history of problematic substance
use
Weight Management (mhcWTMGT) Indicates problematic body composition and eating behav-
iors
Exercise (mhcEXER) Indicates physical activity for persons capable of physical
activity or persons less capable due to a medical condition
Sleep Disturbance (mhcSLEEP) Indicates sleep problems due to cognitive impairment
Pain (mhcPAIN) Indicates persons with severe and persistent pain
Falls (mhcFALLS) Indicates risk of future falls
5.2.4 Models Evaluation
The primary metric used was the R2 and its 95% confidence interval. A global metric, like
the R2, can only provide an overall evaluation of the models [120]. While it is useful to ex-
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plore the achievable explained variance from the discharge assessment, other considerations
regarding clinical validity, practicality, calibration, homogeneity of terminal groups, indicator
of inequitable allocation, spread and predictive utility of relative resource intensity were also
taken into account [30, 59].
5.2.4.1 Clinical Considerations
As observed in a previous study (Chapter 3), observed resource use does not always increase
in the same direction as higher clinical severity. For example, persons at risk of self-harm are
often allocated group therapy, which has the effect of lowering observed resource use due to
dividing the staff time among group participants.
Therefore, in addition to the simplest functional tree-based models produced by machine
learning, another tree was manually built to refine the machine learning-based models and put
in additional restrictions. For each split, from the top 10 candidate variables, based on the
sum of square errors [126], choose the top variable that split the higher clinical severity in the
same direction as the higher observed resource use in daughter nodes. If not available, the top
variable that minimized the sum of squares error was used. To simplify the tree, the minimum
number of observations in each terminal group was set to be at least 20. The total number of
splits was set to be seven, same as the SCIPP, to restrict the model complexity.
5.2.4.2 Practical Considerations
A good case-mix system should be feasible to use in daily practice. Although some machine
learning algorithms, such as random forest and xgboost, could produce high predictive perfor-
131
mance they are consider “black-box” algorithms, which the mapping of input variables to the
final prediction is uninterpretable to humans. A complex multiple regression, such as linear
regression, L1, and L2, can be interpreted by humans but they are also not user-friendly in a
clinical setting. To use such models, a clinician must either use a calculator or computer to
produce the output of the regression equation.
In additional to being compatible with the biological classification paradigm, single tree-
base models, or decision trees, are much more practical in a clinical setting because they do not
require any computation by a clinician. A tree-based model allows the users to visually follow
a decision flow chart with a series of binary decisions to arrive at the output of the model.
Therefore, further analysis of model emphasized the simplest functional tree-based models.
5.2.4.3 Calibration
Using the calibration curve could help examine the consistency of the models in predicting
resource use across the distribution of observed resource use, and identify areas of weakness
of the models. In this study, the calibration curve examined each predicted decile for the
proportion of the observed data that is actually smaller or equal to the predicted decile.
5.2.4.4 Evaluation of Terminal Groups
The aim of a classification system is to divide the population into relatively homogeneous
groups [125]. To evaluate the homogeneity of the models, the coefficient of variation was used
to examine each group of the models for within-group variations. In addition, the spread of
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the relative resource intensity, or observed case-mix index (CMI), was used as an indicator how
well a model separate different levels of resource intensity in the data.
For each terminal group in the tree-based model, the covariance between group classification
and the residuals was shown to be a proxy for equitable allocation, covariance(G, Ŷ − Y )
where G{0, 1} indicates the membership of group g [120]. A negative value indicates that being
classified into a particular group resulted in larger under-reimbursement relative to the rest of
the population, or unfair in resource allocation relative to other groups.
5.2.4.5 Relative Resource Intensity as an Indicator of Usage of Community Mental
Health Services Post-Discharge
Another mark of validity is whether the observed relative resource intensity of the terminal
groups compared to the average observed case (indicated by the observed CMI) is associated
with usage of community mental health services post-discharge (binary). To examine this asso-
ciation, the simplest functional models were used to predict the CMI for all eligible discharges,
with both observed usage and non-usage post-discharge. Then, logistic regression models were
fitted to examine the association between predicted CMI and usage of community services
post-discharge.
5.3 Results
This study identified 1,207 discharges from 1,002 unique persons (Figure 5.1). This sample
represents only a small portion of all individuals who came into contact with the community
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mental health agency that is estimated to be about 10,000 annually, which included children/y-
outh services or contacts through the centralized intake but subsequently referred to another
agency.
The mean resource use during an episode of 90 days post-discharge was $217 (min = $3, Q1
= 20, Q2 = $74, Q3 = 308, max = $3,039). The distribution appeared to be positively skewed

















Same Day Readmission or Transfer = 359 Discharges
In-hospital Mortality = 14 Discharges
Inter-agency Senior Programs = 155 Discharges
Children Program = 2 Discharges
Missing or Invalid Data Elements = 5 Discharges
No Observed Usage Post-Discharge = 1,843 Discharges
Excluded:
Discharge to Service Initiation > 30 Days = 806 Discharges
Service Inititation to Data Extraction < 30 Days = 0 Discharges
Service Inititation to Data Extraction 30-60 Days = 0 Discharges
Service Inititation to Data Extraction 60-90 Days = 0 Discharges
Readmitted within 30 Days of Service Initiation = 177 Discharges
Readmitted within 60 Days of Service Initiation = 67 Discharges
Readmitted within 90 Days of Service Initiation = 53 Discharges
Figure 5.1 Record linkage and sample selection
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The results showed that using machine learning could produce models that had high per-
formance on the training data, up to about 93%, but the results of the cross-validation showed
that the range of achievable explained variance of models trained using the current data set to
predict future observations is about 12% (Table 5.3). Models trained to predict log-transformed
resource use achieved higher explained variance than models trained to predict the raw resource
use data.
The ensemble algorithms, random forest and xgboost, produced very high performing mod-
els on the training data, but the performance did not sustain in the cross-validation (Table
5.3). This behavior is also observed when using all available variables, which achieved high
performance on the training data but did not maintain the performance gain in comparison to
simpler sets input variables. As also observed in a previous study (Chapter 4), prior contact
with the community mental health agency within 30 days before the inpatient episode was a
strong predictor of subsequent usage of community mental health services.
The age, sex, and diagnosis subset did not show similar performance as the other sets (Table
5.3). Unlike other subsets that showed higher performance on the training data than cross
validation data, this set of variables showed the opposite effect. This behavior is an indicator
that the model was perhaps too simple. It did not capture the signal from the training data

























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































The cross-validated performance of prior contact, diagnosis, clinical scales, and CAPs subset
was very close to the maximum achievable explained variance of using more variables (Table
5.3). The addition of comorbidities indicators did not appear improve predictive performance
beyond prior contact, diagnosis, clinical scales, and CAPs.
Out of the two single tree algorithms, CART showed better performance than conditional in-
ference tree. Therefore, CART models using prior contact, diagnosis, clinical scales, and CAPs
to predict resource use and log-transformed resource use were analyzed more in-depth as sim-
plest functional models with potential for implementation. These two models are subsequently
referred to as CART and CART-Log, respectively. In addition, another tree model was manu-
ally built, subsequently referred to as CART-Manual, to refine the two machine learning-based
simplest functional trees.
5.3.1 Simplest Functional Models
The CART model identified 30 terminal groups and the CART-Log model identified 14 terminal
groups (Figures 5.2, 5.3). Not all predictors included in the subsets of prior diagnosis, clinical
scales, and CAPs were used by these models. Both models identified prior contact as the most
important predictor to be used as the very first split. Variables related to safety (SOS, RHO,
ABS), depression (mood diagnosis, DRS, DSI), and daily functions (IADL) were common in
both models, suggesting that they are important clinical indicators of health care needs. The
CART model has a mean of 57.61 [95% CI: 16.72, 98.5] observations per group and the CART-
Log model has a mean of 119.07 [95% CI: 14.03, 224.1] observations per group (Table 5.4,
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5.5).
The last model (CART-Manual) was manually developed to predict resource use by taking
insights from the CART and CART-Log model, as well as choosing the variable that split the
higher clinical severity in the same direction as the higher observed resource use in daughter
nodes whenever possible, restricting the minimum number of observations in each terminal
group to 20 and maximum of seven splits. The CART-Manual explained 11.1% [95% CI: 8.0,
14.7] of variance in resource use (Figure 5.4), 11.3% and 5.3% less than the non-cross validated
R2 of the CART and CART-Log models, respectively. Since the model was built manually, the
cross-validated R2 was not available. The CART-Manual identified 12 terminal groups, with
mean of 100.58 [95%CI: 46.49, 154.67] observations per group (Table 5.6).
The mean coefficients of variation of the CART model: 1.12 (min = 0.7, Q1 = 0.85, Q2 =
1.09, Q3 = 1.24, max = 1.98), CART-Log model: 1.39 (min = 0.58, Q1 = 1.12, Q2 = 1.39, Q3
= 1.60, max = 2.84), and CART-manual model: 1.30 (min = 0.83, Q1 = 1.12, Q2 = 1.28, Q3
= 1.41, max = 1.8)
The CMI range of the CART model was 0.35 to 3.67, a 10.5 times difference between the
lowest and highest groups (Table 5.4). The CMI range of the CART-Log model was 0.27 to
5.72, a 21.2 times difference between the lowest and highest groups (Table 5.5). The CMI range
of the CART-Manual mode was 0.48 to 2.41, a 5.0 times difference between the lowest and
highest groups (Table 5.6).
The covariance and its confidence intervals of the group assignment and residual differ-
ence showed group assignment and residual are independent for the CART and CART-Manual
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models (Tables 5.4, 5.6). For the CART-Log model, the covariance of the group assignment
and residual difference indicated that 2 of its terminal groups (groups 1 and 3) could have
been under-reimbursed and 2 of its groups (groups 11 and 12) could have been over-reimbursed
compared to the remaining groups (Table 5.5).
When stratified the sample by sex, the covariance and its confidence intervals of group
assignment and residual difference indicated that sex and residual difference are independent in
all models. Specifically, the covariance [95% CI] of female and residual difference for the CART


































































































































































































































































































































































































































































































Table 5.4 Characteristics of terminal nodes of decision tree (CART) trained using prior contact with


















Group 1 302 104 [83,125] 104 1.80 0.48 0.00 [-6.87, 6.35]
Group 2 86 90 [52,128] 90 1.98 0.41 0.00 [-4.08, 3.77]
Group 3 52 76 [46,106] 76 1.42 0.35 0.00 [-3.22, 2.98]
Group 4 37 205 [119,290] 205 1.25 0.94 0.00 [-2.73, 2.53]
Group 5 101 198 [132, 264] 198 1.68 0.91 0.00 [-4.39, 4.06]
Group 6 12 474 [195, 753] 474 0.93 2.18 0.00 [-1.57, 1.46]
Group 7 13 524 [245, 802] 524 0.88 2.41 0.00 [-1.64, 1.51]
Group 8 25 111 [66, 155] 111 0.97 0.51 0.00 [-2.26, 2.09]
Group 9 35 165 [89, 241] 165 1.34 0.76 0.00 [-2.66, 2.46]
Group 10 68 166 [118, 214] 166 1.20 0.77 0.00 [-3.66, 3.38]
Group 11 103 278 [220, 337] 278 1.08 1.28 0.00 [-4.43, 4.10]
Group 12 36 186 [119, 253] 186 1.06 0.85 0.00 [-2.70, 2.50]
Group 13 54 269 [205, 333] 269 0.88 1.24 0.00 [-3.28, 3.03]
Group 14 22 463 [319, 607] 463 0.70 2.13 0.00 [-2.12, 1.96]
Group 15 11 323 [53, 592] 323 1.24 1.49 0.00 [-1.51, 1.39]
Group 16 12 593 [134, 1053] 593 1.22 2.73 0.00 [-1.57, 1.46]
Group 17 33 152 [93, 210] 152 1.09 0.70 0.00 [-2.59, 2.39]
Group 18 10 363 [146, 579] 363 0.84 1.67 0.00 [-1.44, 1.33]
Group 19 17 409 [243, 575] 409 0.79 1.88 0.00 [-1.87, 1.73]
Group 20 33 225 [137, 312] 225 1.10 1.03 0.00 [-2.59, 2.39]
Group 21 37 341 [245, 436] 341 0.84 1.57 0.00 [-2.73, 2.53]
Group 22 17 544 [318, 769] 544 0.81 2.50 0.00 [-1.87, 1.73]
Group 23 12 645 [83, 1207] 645 1.37 2.97 0.00 [-1.57, 1.46]
Group 24 13 184 [92, 276] 184 0.83 0.85 0.00 [-1.64, 1.51]
Group 25 11 190 [37, 344] 190 1.20 0.88 0.00 [-1.51, 1.39]
Group 26 11 490 [88, 892] 490 1.22 2.26 0.00 [-1.51, 1.39]
Group 27 11 797 [325, 1270] 797 0.88 3.67 0.00 [-1.51, 1.39]
Group 28 11 212 [54, 370] 212 1.11 0.98 0.00 [-1.51, 1.39]
Group 29 12 608 [309, 906] 608 0.77 2.80 0.00 [-1.57, 1.46]














































































































































































































































































































Table 5.5 Characteristics of terminal nodes of decision tree (CART-Log) trained using prior contact


















Group 1 134 63 [45, 80] 25 1.64 0.28 -9.83 [-15.15, -4.12]
Group 2 11 169 [58, 280] 89 0.97 0.97 -0.42 [-2.05, 1.13]
Group 3 68 61 [38, 83] 27 1.54 0.3 -5.2 [-9.13, -1.15]
Group 4 47 71 [12, 131] 25 2.84 0.27 -3.08 [-6.39, 0.23]
Group 5 21 157 [72, 242] 74 1.19 0.81 -0.75 [-2.99, 1.39]
Group 6 17 76 [13, 139] 25 1.61 0.27 -1.06 [-3.08, 0.9]
Group 7 121 223 [160, 285] 68 1.55 0.75 2.88 [-2.29, 7.43]
Group 8 10 157 [19, 294] 63 1.23 0.69 -0.27 [-1.83, 1.2]
Group 9 12 588 [308, 869] 368 0.75 4.03 0.94 [-0.77, 2.44]
Group 10 162 155 [117, 194] 59 1.58 0.64 -3.91 [-9.76, 1.81]
Group 11 560 283 [254, 312] 116 1.23 1.27 19.46 [10.96, 25.75]
Group 12 12 404 [-23, 831] 89 1.66 0.98 1.87 [0.17, 3.3]
Group 13 11 261 [71, 451] 121 1.09 1.32 0.13 [-1.5, 1.63]

















































































































































































































































































































































Table 5.6 Characteristics of terminal nodes of decision tree (CART-Manual) trained using prior contact


















Group 1 302 104 [83,125] 104 1.80 0.48 0.00 [-7.36, 6.80]
Group 2 129 123 [92, 154] 123 1.45 0.57 0.00 [-5.25, 4.85]
Group 3 127 181 [124, 238] 181 1.79 0.83 0.00 [-5.21, 4.82]
Group 4 45 284 [164, 404] 284 1.40 1.31 0.00 [-3.22, 2.98]
Group 5 39 158 [89, 227] 158 1.34 0.73 0.00 [-3.00, 2.78]
Group 6 50 197 [126, 269] 197 1.27 0.91 0.00 [-3.38, 3.13]
Group 7 214 246 [210, 283] 246 1.11 1.13 0.00 [-6.49, 6.00]
Group 8 68 344 [250, 437] 344 1.12 1.58 0.00 [-3.92, 3.62]
Group 9 130 318 [249, 387] 318 1.26 1.46 0.00 [-5.26, 4.87]
Group 10 24 403 [262,544] 403 0.83 1.86 0.00 [-2.37, 2.19]
Group 11 46 405 [250,560] 405 1.29 1.87 0.00 [-3.25, 3.01]
Group 12 33 523 [345,701] 523 0.96 2.41 0.00 [-2.77, 2.56]
5.3.1.1 Calibration
All three simplest functional tree models showed sigmoidal calibration curves (Figure 5.5).
Ideally, a perfectly consistent model is expected to follow the reference line (y = x). For
observations that had lower levels of resource use, all three models over predicted. The CART
and CART-Manual models appeared to be more consistent for observations in the mid- to high-
range (> 50 percentile) of the resource use distribution. The CART-Log model appeared to be
more consistent for observations in the mid-range of the resource use distribution (about 40-60
percentiles).
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Figure 5.5 Calibration plot of decision trees trained using resource use and log-transformed resource use
5.3.1.2 Relative Resource Intensity as an Indicator of Usage of Community Mental
Health Services Post-Discharge
Finally, the association between the relative resource intensity (CMI) and usage of community
mental health services post-discharge were examined. Although the simplest functional models
(CART, CART-Log, and CART-Manual) were developed using only the data from discharges
with subsequent usage of community services, they were used to predict the CMI for all eligible
discharges in this analysis. The results showed that the predicted CMI of three models were
positively associated with usage of community services post-discharge, for all follow up periods
between 30 to 180 days. In other words, those who were predicted to be at high resource inten-
sity of community services were more likely to use community service services post-discharge
(Table 5.7).
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Table 5.7 Odds ratios in a logistic regression model of usage post-discharge within different time windows
and sample selections, their corresponding 95% confidence intervals, and p-values < 0.05 indicated by *
Usage within 30
days (True = 1504,
False = 2649)
Usage within 60
days (True = 1682,
False = 2481)
Usage within 90
days (True = 1787,
False = 2366)
Usage within 30




1.80 [1.63-1.99]* 1.84 [1.67-2.04]* 1.85 [1.67-2.06]* 1.79 [1.62-1.99]*
AUROC 0.64 0.64 0.64 0.63
Usage within 30
days (True = 1504,
False = 2649)
Usage within 60
days (True = 1682,
False = 2481)
Usage within 90
days (True = 1787,
False = 2366)
Usage within 30




1.39 [1.28-1.50]* 1.42 [1.31-1.54]* 1.44 [1.33-1.57]* 1.43 [1.32-1.56]*
AUROC 0.67 0.67 0.66 0.66
Usage within 30
days (True = 1504,
False = 2649)
Usage within 60
days (True = 1682,
False = 2481)
Usage within 90
days (True = 1787,
False = 2366)
Usage within 30





3.45 [2.98-4.00]* 3.51 [3.03-4.08]* 3.62 [3.11-4.22]* 3.48 [2.99-4.06]*
AUROC 0.66 0.66 0.66 0.65
5.4 Discussion
Using linked clinical data from a psychiatric hospital and resource use data from a local commu-
nity mental health agency, this study was able to build models using machine learning to predict
community mental health resource use with predictive performance comparable or higher than
other classification systems found in the literature [113]. In addition to machine learning-based
models, a model as manually developed based on insights from machine learning approach. The
models were able to separate the population into relatively homogeneous groups in terms of
resource intensity. The relatively resource intensity indicated by the models were also positively
associated to usage of community services post-discharge (Table 5.7).
In a previous study (Chapter 4), a different classification system used for psychiatric in-
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patients (System for Classification of In-Patient Psychiatry) achieved an explained variance of
11.9% of resource use, and 14.1% of log-transformed resource use of community mental health
services, when prior contact with the community mental health agency within a month before
inpatient admission was included. Without prior contact, SCIPP achieved only 6% of explained
variance.
In this study, two machine learning-based simplest decision tree models (Figures 5.2, 5.3)
were able to explain 22.4% of variance of resource use, and 16.4% of variance of log-transformed
resource use on the same data set used in the previous study, which is the training data for
this study. The performance from the cross-validation experiments were lowered but relatively
similar to SCIPP, 11.2% of variance in resource use and 11.8% of variance in log-transformed
resource use (Table 5.3). An attempt to manually create a simple model achieved 11.1% of
explained variance on the training data.
The models produced in this study were also simpler than SCIPP, with 30, 14, and 12
terminal groups respectively, compared to 47 groups in SCIPP. The coefficient of variation also
suggested that the within-group variation of SCIPP was also more varied (mean = 2.27, min
= 1.15, median = 2.26, max = 4.98) than all three simplest models in this study (Tables 5.4,
5.5, 5.6).
Although SCIPP was shown to be predictive of community mental health resource use, the
model is not entire compatible for use in community settings. Specifically, SCIPP uses days
of inpatient stay as one of its input variables and as an indicator of resource intensity. In a
previous study (Chapter 4), there are significant differences observed in the pattern of service
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use and resource consumption between the inpatient and community settings, therefore the
days of inpatient stay is less likely to be relevant to community settings.
Machine learning helped to produce high performing models in predicting resource use.
However, the cross-validation experiments suggested that the estimated explained variance on
unseen observations may be closer to 12% (Table 5.3). Although more complex algorithms, such
as random and xgboost, were able to achieve very high performance on the training data, the
performance in cross-validation experiments were similar or lower than that of simpler models,
such as CART and linear regression. This behavior is an indication that more complex models,
both in learning algorithms and input variables, may have learned a large portion of the noise in
the data as well as the signal, which may have reduced their generalizability. Another possible
explanation was that the training data were too small and heterogeneous. The effect of holding
out a small subset of the data for cross-validation may have removed a lot of signals, which led
to high sensitivity to training data.
Tree-based learning algorithms all aim to maximize the variance reduction at every split.
While this strategy may result in a tree with only minimum number of splits needed to achieve
good prediction, it may not necessarily be optimal clinically and risks ignoring other sequential
combinations of variables that may yield better result. For example, it may be advantageous
to first divide the population using clinically relevant variables (such as diagnosis) that may
not necessarily yield the best variance reduction in earlier splits, but could possibly yield better
variance reduction subsequently.
This study examined several subsets of input variables. The simplest subset of variables
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included those are almost universally available throughout the health care system: age, sex, and
diagnosis, which achieved the lowest explained variance (Table 5.3). On the other hand, using
all variables available did not improve explained variance in cross-validation compared to using
only the clinical scales and assessment protocols. The use of cormorbidity related variables
also did not have a major impact on explained variance. One possible explanation was that
cormorbidity did not add additional information beyond the clinical scales and assessment
protocols. For example, cormorbidity may result in more physical or cognitive impairment,
which may have already been capture by the scales such as ADL, IADL for physical domains,
and CPS, PSSS for cognitive domains. Overall, the results suggested that the clinical scales
and assessment protocols were able to capture and summarize the overall clinical characteristics
that are relevant to resource use.
Prior contact was observed to be the most relevant predictor of resource use. This is an indi-
cation that clinical information available at discharge from inpatient psychiatry alone although
informative, it is not enough on its own. There are two factors that could have influenced
the usefulness of clinical information from the discharge assessment. First, in a previous study
(Chapter 4), it was observed that the duration between discharge and community service ini-
tiation could play a role in the decrease in explained variance, possibly due to the changes in
clinical characteristics between discharge and service initiation. Second, it is also possible that
persons with prior contact with the community mental health agency might already have a
care plan ready to start. Therefore, their service use post-discharge was more predictable than
persons who did not have prior contact or a care plan created.
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Future research should aim to use clinical characteristics measured closer to or at service
initiation, preferably done by the community mental health agency, to address the limitation of
this study in using historical clinical measurements done prior to service initiation. Although
clinical measurements from the inpatient setting alone may not be enough to predict community
mental health resource use, it still has values as a differentiator of community mental health
resource use, illustrated in both their abilities to predict resource use and whether a person
would use community mental health services post-discharge. A classification system that could
integrate both inpatient and community data may be more robust than using data solely from
just one setting. On the other hand, the strength of using clinical data and resource use data
from two organizations enhanced the validity of the findings because the data were measured
independently without incentives to match the clinical characteristics to the resource use.
Although a case-mix classification system provides a connection between clinical character-
istics and expected levels of resource use, it is one of many tools available to policy makers to
achieve health outcome objectives. Differences in clinical practice, legal requirements, clinician-
client fit, and preferences of the clients are also important determinants of health outcomes that
are not included in the case-mix classification. Therefore, the pricing component of a funding
formula should also be designed to take into account these determinants, and reward or penalize
accordingly if desired health outcomes are not met. In other words, the case-mix classification
system is only one component of a funding formula, and it may not be enough to achieve policy
objectives by itself. The design of a pricing component is currently beyond the scope of this
research.
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There are several important considerations in using machine learning as a primary method
for developing classification systems. The use of machine learning made an underlying assump-
tion that the observed resource use was the same as the ideal resource that should have been
allocated. There are cases where this assumption may need further consideration. For example,
in a previous study (Chapter 3), it was observed that readmission to inpatient psychiatry was
associated lowered usage of community mental health services. The same was observed in the
CART-Log model between groups 13 and 14 (Figure 5.3). Although machine learning captured
the correct observed relationship between readmission risk and community resource use, this
relationship may need to be reversed by deploying more resources to those at higher risk if
the goal is to break the cycle of readmission. The CART-Manual attempted to mitigate this
issue by choosing to split higher clinical severity in the same direction as the higher observed
resource use whenever possible. Future research needs to also consider the goals of care into
the classification systems.
This study only considered direct costs in the resource use measure. There may be some
client-specific indirect costs that could be partially driven by clinical severity or complexity,
such as documentation and case review. Depending on the needs of a client, these indirect
costs could be quite significant. Since these activities are done without the client being present,
adding the variance of these costs could also be driven by differences in clinical practice among
facilities and clinicians. These costs could also be adjusted for in the pricing component of a
case-mix funding formula, so that the case-mix classification system remained focused on the
relationship between the direct costs and clinical needs.
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This study provided some preliminary evidence that machine learning may be beneficial in
development a case-mix classification for community mental health services using observed data.
Clinical scales and assessment protocols were shown to be informative in predicting resource
use. However, a major limitation of this study was the time lag between clinical assessment
and service initiation that could have reduced the predictability of the clinical measurements.
Simpler models were shown to have similar predictive performance than more complex models
in cross-validation. Taking into account the practical considerations, simple models such as
decision tree may be the most appropriate for implementation for daily use. While machine
learning can detect relevant relationships between clinical characteristics and resource use,
human experts are still needed to modify observed relationships that do not reflect the goals of
the health care system.
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Chapter 6
Roadmap for Future Research
6.1 Summary of Contributions
This dissertation showed that community mental health care is a complex delivery setting.
There is a wide range of community mental health services provided collaboratively by different
organizations, each with very specific foci and target populations (Chapter 3). A centralized
intake pathway provides single simplified coordinated access for all agencies in the region, and
enabled this research to capture the population-level pattern of usage at the transition from
inpatient psychiatry to community mental health.
About half of those discharged from the inpatient psychiatry were observed to subsequently
use community mental health services within six months. The majority of cases received one
in-person service appointment on a weekly or bi-weekly basis for a period of seven to eight
weeks, which is significantly less that the resource consumption typically observed in other
care settings like home care [31]. This research also explored different methods to capture the
nature of infrequent and intermittent service use of community mental health in chapter 4.
Constructing a community episode of care that sensibly summarizes the observed resource use
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is also unavoidable for any future community mental health case-mix studies. An episode of 90
days from the first contact with the community mental health agency post-discharge appeared
to be the most appropriate approach given the data.
Since the clinical characteristics measured by the RAI-MH at discharge were observed to be
closely linked with subsequent community service use, having an integrated information system
with interoperable clinical assessments in both care settings can improve coordination across
the continuum of care. For example, the embedded readmission clinical assessment protocol
from the RAI-MH was shown to be predictive of 30-day same hospital admission. This protocol
therefore can be used for care planning at the community mental health agency to break the
cycle of readmission.
The association between clinical characteristics and observed community resource use was
also more nuanced. In chapter 3, higher clinical severity measured by the RAI-MH at discharge
was observed to be associated with usage and high usage of community mental health services.
However, higher clinical severity was not always associated with higher usage if the service
delivery was through group therapy or by specialized services mandated by the justice system.
To examine whether individuals with shared clinical characteristics would have relatively
similar levels of resource use, chapter 4 tested two high performing case-mix classification
systems for their potential to predict community mental health service use: the Systems for
Classification of In-Patient Psychiatry (SCIPP) and the Australian Mental Health Case-mix
Classification (AMHCC). The results found that SCIPP is better than diagnosis alone in ex-
plaining the variance in resource use of community mental health services. SCIPP was also
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observed to be equitable in allocating resources across its classification groups. However, the
biggest differentiator of resource use was whether someone had prior contact with the commu-
nity mental health agency before their inpatient psychiatric episode, which also enhanced the
performance of SCIPP when used together. The relative resource intensity weights of SCIPP
appeared to be not well calibrated to predict resource use observed in community settings.
That said, the study data were not ideal for the evaluation of SCIPP because there was a gap
in resource use data for addictions and senior mental health services. This attenuation of the
distribution of SCIPP categories could have underestimated the effectiveness of SCIPP. The
AMHCC was not immediately operationalizable outside of the Australian context because most
of its explained variance depended on a subjective classification of the needs of care and goal
of care (referred to as phases of care) by a clinician at the beginning of a community episode.
In addition, there are also fundamental differences between inpatient psychiatry and com-
munity mental health that may also contributed to the limited of transferability of SCIPP. The
needs that the two care settings address share some similarities but also differ in several ways.
Inpatient psychiatry has a historical origin in the model that aimed to cure illnesses [8]. The
trend of deinstitutionalization contributed to a shift toward crisis management and stabiliza-
tion, so that a person can be discharged for outpatient or community services [8]. On the other
hand, community mental health is rooted in the recovery model, which aims to support and
improve a person’s ability to function outside of the health care system [131]. Therefore, the
scope of needs that community mental health services addresses can be broader than inpatient
psychiatry. By extension, the pattern of resource use of the two settings may be different.
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Empirically, inpatient psychiatry was shown to have much higher resource use intensity than
community mental health [27]. A narrower range of observed resource use in community mental
health may also contribute to the difficulty in explaining variance when the variance is not as
wide as observed in inpatient psychiatry.
In chapter 5, machine learning algorithms were used to experiment with building alternative
case-mix classification systems that could be used for predicting community mental health
resource use. All models were able to reduce the variance in observed resource use, but the limit
of the current data set appeared to be at about 12% of explained variance. Three exploratory
decision tree models, two were machine learning-based and one was manually developed. These
were proposed because they were able to achieve similar explained variance as more complex
models, and more user-friendly to clinicians. While machine learning was able to produce
models that described the resource use patterns in the observed data, more research is needed
to align the models with the goals of the health care system. For example, in chapter 3, it was
observed that persons at risk of self-harm may not necessarily be more resource intensive if
they were provided services in a group setting. Similarly, the risk of readmission can reduce the
observed resource intensity of community services, therefore the observed data may not reflect
the true resource intensity of readmitted cases. Clinical and health services expertise are still
required in development of future case-mix classification systems. The results pointed toward
the need for more contemporaneous clinical data that are closer to the community mental health
service initiation in future development work.
Classification of community mental health services remained a difficult problem. There are
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several reasons why the observed explained variance for community mental health services is
often lower than in other types of health care services, such as inpatient psychiatry or home
care. The scope of care of community mental health can be much broader than other types of
care, such as inpatient psychiatry or home care services. Community mental health services
has its roots in providing recovery-oriented services [8]. As a result, there are also other factors
beyond the interactions between a person and the health care system that may affect resource
use and outcomes, such as environmental triggers, employment opportunities, or discrimination
experienced by the client. In comparison, the scope of inpatient psychiatry focuses more on
stabilization of symptoms and crisis management. Other community-based health care services
like home care also has a narrower scope, in which services are more related to daily functional
tasks such as getting dressed, meal preparation, and mobility.
Although clinical characteristics have some explanatory power for resource use, there are
also other important drivers of mental health outcomes that may not exist in other types of
health care services, such as fit between clinicians and clients, and preferences of clients.
The sample of this research included only a portion of the population who were previously
discharged from inpatient psychiatry, which could have higher clinical needs than the general
population. Therefore, the distribution of clinical needs was likely attenuated that could result
in low explained variance.
The use of the clinical characteristics measured at the time of assessment, such as in this
research, only provided a static snapshot of a person’s clinical needs. While clinical severity
or complexity are important considerations in resource allocation, clinical chronicity is also
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important, especially in the tiered frameworks for planning substance use service delivery sys-
tems [132]. In addition to performing frequent re-assessment, a case-mix classification system
could also use the changes between assessments to take into account the trajectory and nu-
anced dynamic of the clinical changes over time. For example, an ideal system would combine
clinical information from the point of discharge from hospital with current clinical assessment
at the time of initiation of community mental health services (with on-going re-assessment if
the person has a prolonged episode of community-based service use).
A case-mix classification system compatible with community mental health services is es-
sential to the implementation of Ontario’s proposed funding reform. More research is needed to
develop case-mix classification systems for community mental health settings (Chapter 2) be-
cause even the best available systems are very limited when externally validated in the context
of this research (Chapter 4). While data at the point of discharge from inpatient psychiatry
were relevant to the pattern of resource use in community mental health services, they were
insufficient to provide a robust estimate of resource use on their own.
This research showed that it is possible to separate a population into relatively homoge-
neous groups in term of community mental health resource use with individual-level clinical
characteristics. Despite using a study sample from one of the largest community mental health
agencies in Canada, more high quality and contemporaneous clinical data is needed to improve
the explained variance of resource use. Data standards that support interoperability across
multiple mental care settings can improve clinical meaningfulness and predictive performance
of case-mix classification of community mental health services. The need for standards also
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applies to management information systems that capture resource use at community mental
health agencies. These insights support a larger effort to develop a case-mix classification
system for community mental health services.
On the other hand, the generalizability of this research is limited by the available data.
The sample used in this research only represented people who were previously discharged from
inpatient psychiatry and subsequently used community mental health services. Missing from
this sample are the child/youth population, geriatric mental health services or primary care
provided by external agencies, and adults who were not previously admitted the inpatient psy-
chiatry unit of this research. The sample of this research only represents a portion of the
population who are likely to be at higher clinical severity and complexity compared to the pop-
ulation of community mental health service clients. The observed relationships between clinical
characteristics and resource use from this study may not be generalizable beyond the service
pathway examined by this research, which was from inpatient psychiatry to community mental
health services. Therefore, development of a case-mix based funding formula for community
mental health will require additional research.
6.2 Roadmap for Development
The development of a case-mix classification system requires two essential sources of individual-
level data that must be brought together: the clinical data and resource use data. In this
research, these two sources of data were successfully brought together for only one community
mental health agency. Data from one agency, despite being one of the largest in Canada, may
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not be representative of all cases observed in the province or the country. This was indeed
observed in Chapters 3 and 4, in which the clinical characteristics at discharge of the study
sample were not similar to the rest of the province.
6.2.1 Representativeness of Study Sample
Recruiting every community mental health agencies in the province or the country for a case-
mix development study may not be possible or necessary due to the complexities, cost, time,
and labor required. Most case-mix classification systems were developed using a sample of their
respective jurisdictions. For example, the SCIPP was developed using a sample of psychiatric
units across Canada [95]. The Canadian Case-Mix Groups+, used for non-psychiatric inpatient
care, was also developed using a sample of hospitals from only 3 provinces [22].
The number of agencies recruited should be large but is not the only criterion. The agencies
recruited should represent a wide range of mental health services offered. As observed in this
research, within a jurisdiction, there may be several agencies offering publicly-funded commu-
nity mental health services and each may be specialized in a specific area. The agency that was
examined in this research offered a wide range of services; however, they did not offer addiction
services, and senior mental health services were offered in partnership with another agency. The
limited availability of standardized clinical assessment data also narrowed the study sample to
only persons who were previously discharged from inpatient psychiatry.
Classification of eligible community mental health services is a major difficulty. As observed
in this research, services offered by joint venture of more than one organizations may pose a
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barrier to gather the necessary data for case-mix classification development. Future developers
will need to negotiate across organizational boundaries to obtain the data required. Cross-
organizational issues will also arise for mental health services delivered through primary care
or integrated care model [133]. For example, services delivered by psychiatrists can be funded
based on fee-for-service similar to family physicians, and they may have their own practice that
is not part of a community mental health agency.
Additionally, this research only captured the service pathway from inpatient psychiatry to
community mental health services, and not other service pathways, such as to primary care or
private counseling services. The mix of eligible services offered is also likely to be different for
across jurisdictions. For example, housing, employment, and education have been suggested
to be an important part in mental health recovery and treatment [80]. However, funding for
assistant services for housing, employment, and education are often separated from funding
for health care. Therefore, the types of services included in the development of a community
mental health case-mix classification are also dependent on the design of the local health care
systems.
Future developers should perform a comprehensive review of community mental health
services. Then, the future developers should assemble a panel of stakeholders that can provide
inputs into the inclusion and exclusion criteria of services. This panel of stakeholders should
be an ongoing advisory panel for both the initial development and ongoing maintenance of
the case-mix classification systems. For example, the Diagnosis Related Groups used by the
US Medicare system for inpatient care relies on their Medical Payment Advisory Commission
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for their annual review and adjustment [134]. The advisory panel should include experienced
clinicians, funding authority administrators, statisticians, and health services researchers.
Although the services that may be classified as community mental health services will be
subject to debate, the future developers should focus on the reaching a consensus, rather than
completeness. It should be emphasized that the inclusion of services will evolve over time and
the case-mix classification does not have to be static. For example, the Resource Utilization
Groups that is used in long-term care has gone through many updates and revisions throughout
the years [32].
One potential solution to reconcile the differences in eligible services may be to identify of
set of core services that are commonly eligible for health care funding in most jurisdictions.
Through the advisory panel, services that were not included in the early versions may be added
in future revisions if there is wider acceptance.
Another approach may be to focus on the inclusion of the type of cases that the advi-
sory panel aims to target. For example, this research only focus on one small segment of all
community mental health cases, which was individuals previously discharged from inpatient
psychiatry. Alternatively, a more inclusive target population may be to include all individuals
who were served by the central community mental health services intake (Here 24/7) in the
Waterloo-Wellington region.
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6.2.2 Individual-level Clinical Data
The role of the individual-level clinical data is to describe the individuals who use community
mental health services at the individual level. In the development of case-mix classification,
it is used to separate the population into clinically homogeneous groups, when used together
with the resource use data during the development of case-mix classification systems. The
individual-level data must also be standardized across the recruited agencies. At a minimum,
the clinical data must allow crosswalk (the mapping of data equivalence across two or more
data standards) across agencies (also known as interoperability).
In many data standards, the record of an individual may also contain data elements that
describe the providers and processes (services or treatment provided). In chapter 2, the ap-
propriateness of variables used as input of the case-mix classification system was discussed
extensively. In summary, variables that describe the clinical needs of an individual are desir-
able for case-mix classification systems. These are variables that directly drive the resource
use, such as: diagnosis, clinical status, or clinical severity. Variables describing the provider
should be avoided because they account for the variance in observed costs across facilities. The
observed variance may be due to systematic inequalities across the facilities not related to the
clinical needs of a person, therefore relying on these variables may lead to reinforcing those
inequalities. Variables describing the services or treatments should also be avoided because
they can have the effect of incentivizing service or treatment volume for financial gains. His-
torical variables describing a prior usage of health care services are not ideal because they are
not modifiable and change with current health care needs. Historical variables describing an
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individual can be useful if they are relevance to current health care needs (e.g., past history of
abuse or violence).
While there may be numerous data standards available for community mental health, the
choice of data standards will have different implications for the health care system. The simplest
and most universally available may be diagnosis and demographics (age, sex) information. In
the review of chapter 2, although the use of diagnosis as the sole variable of differentiating
levels resource use was common, the high performing case-mix classification systems relied on
additional clinical variables beyond diagnosis. Similarly, it was observed in chapters 4 and 5
that diagnosis alone accounted for smaller amount of variance in resource use compared to when
used in addition with other clinical variables.
Age and sex are sometimes used as predictors of resource use but they should avoided if
possible. The observed associations of demographic variables with resource use may be the
reflection of other causes, either social or clinical [135]. Therefore, there is a risk of reinforcing
existing biases that could exclude demographic groups from accessing mental health care if
demographics variables are used. Replacing demographic variables with variables indicating
clinical severity or complexity during the case-mix classification development could alleviate
this issue. Additionally, in chapter 5, using solely diagnosis and demographics was shown to be
less predictive of community mental health resource use than using diagnosis in combination
with variables indicating clinical severity or complexity.
There is also opportunity for the future developers to play a role in influencing clinical
practice through the choice of data standard. For example, to promote integration of care,
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the future developers may consider a data standards that is designed for care integration and
compatible across settings, as suggested by chapter 3. In Ontario, the RAI-MH has been the
data standard for inpatient psychiatry, therefore a sensible option that could promote care
integration is the interRAI CMH, which belong to the same integrated suite of mental health
assessments as the RAI-MH [52].
Promoting integration of care through data standards can also benefit the development of
case-mix classification system. Although chapters 4 and 5 showed that the predictive utility of
clinical characteristics measured at discharge could be masked by whether a person was known
to the community mental health agency and delay between discharge and service initiation,
the discharge assessment still offer some predictive utility. Therefore, a case-mix classification
system that can leverage information from both the inpatient and community settings by simply
using an integrated data standard could see gains in both predictive utility and interoperability.
6.2.3 Resource Use Data
The role of the resource use data is to capture the cost of health care resources that a person was
provided for their care. The resource use data is then used in conjunction with individual-level
clinical data to partition the population into groups of homogeneous clinical characteristics and
resource use.
Not all costs incurred by a provider should be included in the resource use data for the
purpose of developing a case-mix classification system. The costs of care used for case-mix
classification should be viewed from the perspective of the persons receiving health care services,
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hence referred to as resource use. A barrier to getting of full picture of relevant costs for
this study was the limited data available. Future developers will encounter this challenge in
negotiating which costs are relevant for case-mix classification.
Accounting principles broadly classify costs incurred by the providers into direct and indirect
costs [136]. Direct costs can be considered as the costs required to provide care for one additional
person. Indirect costs are costs that are required to operate an health care organization, shared
by many activities, and cannot be attributed to the care provided for one additional person.
Only the direct costs should be included in the resource use data because the goal is to capture
the costs that are driven by an individual’s clinical characteristics.
For some patient-specific indirect costs (such as documentation, or case review), since they
are often performed without a client present, considerations should be given to potential vari-
ance related practice patterns across facilities and clinicians that can also be added if these costs
are included. Alternatively, these costs can also be taken into account outside of the case-mix
classification system through the pricing policy mechanisms, so that the case-mix classification
stays focused on the connection between direct costs and clinical needs.
Future developers have two approaches in measuring the resource use: bottom-up or top-
down. The bottom-up approach is similar to the approach used in this research, in which the
resource use for an episode was aggregated from costs of each direct service events. Cost of each
direct service was simply the staff time spent providing service multiplied by the median wage
for the staff position at the agency. While using the actual wage may add precision, there is also
a risk that inequality in wages can contribute to variance in observed resource. Additionally,
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the staff time spent providing service was recorded for administrative purposes. While a more
rigorous approach is to measure the staff time directly via observation as done in the SCIPP
development study [27], it may not be necessary if services are often time-limited office visits.
The top-down approach is to estimate the resource use by allocating costs of functional cen-
ters to the individuals who received care equally. Functional centers are smaller units within
an organization, such as departments [136]. This approach should be avoided because the
differentiator of resource intensity is whether someone received services within a certain ac-
counting period and how many others also received services. Therefore, this approach cannot
differentiate resource intensity that is driven by an individual’s clinical needs.
For jurisdictions that are currently using fee-for-service for community mental health instead
of global budget, it may also be possible to use historical claim costs to estimate resource use.
However, claims tend to be higher than the actual costs (both direct and indirect) incurred by
the providers in order for the providers to be financially viable. Additionally, claims are not
likely to represent the actual resource use of individuals receiving care, but rather an average
over large amount of individuals [27].
This research examined the observed resource use data and determined that the most ap-
propriate and practical method of constructing an episode is a period of 90 days from the
first contact with the community mental health agency. The immediate implication for clinical
practice is that, upon completion of an episode, the community mental health agency should
perform a new assessment to determine whether the expected resource use of the person has
changed. Future developers should also review the episode construction and its implication
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with the advisory panel for feedback and support.
6.2.4 Silent Deployment
Although it is possible to develop a model with excellent generalizability on the first attempt,
it may be unlikely due to several reasons. First, if case-mix funding can provide incentives
towards more efficient care as suggested by the literature, it is expected that the pattern of
observed resource use across the health care system may change over time. Therefore, older
models cannot be expected to perform after the overall pattern of resource use has shifted,
but at the same time the clinical characteristic distributions have not. Second, the nature of
community mental health is still evolving. New services are added over the years. For example,
Assertive Community Treatment used to be experimental, but became more common over time.
As deinstitutionalization continues to evolve, more intensive services may also be shifted to the
community settings. Development of case-mix classification system, therefore, should be an
ongoing commitment.
The use of algorithms in automating decisions in health care are subject to greater scrutiny
recently due to the potential of reinforcing undesirable biases, which is also partly also due to
the emerging abundance and ease of use of artificial intelligence [137, 138]. Health care resource
allocation is not immune from this, given the recent finding that a popular resource allocation
algorithm was observed to be racially biased [119].
Silent deployment, in which a candidate model is used prospectively and makes predictions
in real-time visible only to a selected number of clinical experts but not acted upon, was
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suggested as a responsible approach in applying algorithms in clinical practice [139]. Silent
deployment can be used as a prospective validation study at a smaller scale when it allows the
model developers to review predictions and errors immediately, consult with the advisory panel,
and make corrections if necessary. For example, expected association between risk of self-harm
and high resource use were not observed immediately in chapter 3 due to the services delivered
via group therapy. Such unexpected relationships require domain knowledge from the advisory
panel to uncover and adjust.
6.2.5 Pilot Studies and Broad Consultation
Once the developers gained confidence of the candidate model, they should seek support from
a broad range of stakeholders in their targeted jurisdictions. The best way to showcase a new
product is to let the providers try out the candidate model via pilot studies. Pilots studies are
different than silent deployment because the predictions are acted upon at small scale. These
studies will allow the providers to experience the new reality, while still able to influence the
final form of the funding formula.
The providers are not the only stakeholders. Others may include staff from funding author-
ities, clinicians and their unions, information technology specialists, finance specialists, and
health services researchers. Support from a broad range of stakeholders is required for broad
adoption of a case-mix classification system [22]. Therefore, a broad consultation beyond the
advisory panel is needed during the validation studies. For example, one model of broad con-
sultation is the mental health case-mix development in Australia. It follows a process that both
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tests their proposed model at pilot sites and collects feedback [46].
6.2.6 Maintenance
One indicator that could hint at the need for adjustment of the case-mix classification system
is the stability of the observed relative resource intensity of the terminal groups, or CMI [22].
On the other hand, the more frequently the adjustments are made, the more instability is
introduced. For hospital funding, it is estimated that the detection of changes in resource use
pattern due to an adjustment can lag between two to three years after the introduction [22].
Results obtained from both the silent deployment and pilot studies have one weakness in
common, which is that they both reflect the resource use patterns prior or during the adoption
of the case-mix funding. As mentioned, the expected beneficial gain in cost efficiency may lag
behind the introduction of the new funding model [22], which may not be observed in the pilot
studies. Additionally, there are potential changes in the resource use pattern that may not be
observable during the pilot studies, such as: a real change in costs due to practice innovations
or technology change, changes in methods of capturing resource use, higher signal to noise ratio
due to larger sample size, or improved in data quality over time after the initial training [22].
There may be also jurisdictional specific considerations that require adjustments. For ex-
ample, the first-ever case-mix classification system, Diagnosis Related Groups [59], has been
maintained and continuously developed in many jurisdictions beyond its origin. In Canada,
it was modified to become the Case Mix Groups+, the Australian Refined-DRG in Australia,
NordDRG in the Nordic countries, German-DRG in Germany, and Health Resource Group in
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the United Kingdom.
Adjustments to the case-mix classification should also be performed in relation to desired
health outcomes. If a classification group is observed to have worsening outcome metrics, it
may be an indicator that more funding is needed to improve health outcome for that particular
group. In cases that have sufficient supporting evidence, one option is to keep the case-mix
classification structure the same, but readjust the CMI to divert more resource as deemed
appropriate.
There may also be a need for adjustments due to differences in health care systems, culture,
or practice patterns in different jurisdictions. On the other hand, adjustments to a case-
mix system should be carefully considered to avoid degrading the integrity of the funding
formula. First, proposed changes to a case-mix system should be based on valid reasons, which
are supported by independent evaluation of the observed data. Another strategy that could
discourage unnecessary changes that are intended to game the system is to keep the structure
of the case-mix classification the same, and only allowing changes to the case-mix index values.
6.3 Implications for Health System Policy
A case-mix classification system may only be one component of the health care funding formula.
However, it changes the relationships between the funders and the providers [22]. The funders
used to be responsible for the costs of health care services incurred by the providers under
global budget or fee-for-service. Under case-mix funding, the role of the funders became more
of a purchaser of services that makes payment based on the clinical needs of the individuals
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that use health care services.
In Ontario, this transition has already taken placed for the hospitals. The approach has been
to slowly reduce the portion of funding received via global budget, and increase the portion of
funding received via case-mix classification until they reach the target mix [26]. Feedback and
lessons learned from the hospital funding transition should be incorporated in the planning of
future transition of community mental health funding, such as: the target mix of global budget
and case-mix funding (if any), and the length of the transition period.
Substantial training will be required for administrators of both the funders and the providers
[22]. The funders will be relied upon for clear and comprehensive guidance, therefore they must
be well-versed in the data requirements of both individual clinical data and resource use data.
The providers will be required to adhere to data and information system standards in order to
receive funding. However, the success of a case-mix classification also requires support from
partners beyond the funders and providers, such as: interRAI and Canadian Institute for Health
Information.
6.3.1 Role of interRAI
The choice of the individual-level clinical data to be used as the input a community mental
health case-mix classification has not been decided. The interRAI Community Mental Health
is a potential candidate to support such as system. However, the adoption of this assessment
instrument requires a broad consensus across Ontario. interRAI can play an advocacy role for
the adoption in two ways.
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First, this research showed that the many clinical measurements available from discharge
of inpatient psychiatry, which are also available from interRAI CMH, were closely linked to
community mental health resource use. However, the value proposition of the assessment is
more than just an administrative data collection tool for case-mix classification, and should
be promoted by interRAI. Specifically, the assessment is primarily intended to be used for
care planning, and secondarily as outcome measures and quality indicators. Data that are
used beyond case-mix application alone can offset the administrative burden, and the effect of
up-coding clinical characteristics for financial gain [18]. Second, the funders and providers of
community mental health services will require training in data entry, usage, and interpretation
of the assessment. interRAI should support this training through inputs to future case-mix
developers regarding training curricula.
6.3.2 Role of Canadian Institute for Health Information
The Canadian Institute for Health Information (CIHI) is the organization responsible “the de-
velopment and maintenance of comprehensive and integrated health information” across Canada
[140]. Their support for a proposed case-mix classification system is crucial because CIHI is
also a data standards organization that set national standards for health system data across
Canada. This includes both essential data inputs of case-mix classification system - individual
level clinical data and resource use data.
For ongoing maintenance, support required from CIHI will be similar as for existing case-mix
classification systems as the technical stewards for data standards, storage, and independent
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analysis. Funders and providers will look towards CIHI for objective evidence of explained
variance of the case-mix classification system, equitable allocation, expected cost efficiency
gain, and overall recommendation for implementation.
6.4 Conclusions
This research supported the effort of health care funding reform in Ontario by exploring poten-
tial solutions for a case-mix classification system that is one component of a case-mix funding
formula. The findings suggest that a case-mix system based on similar data standards as the
inpatient psychiatry can both promote integration of care across settings and offer predictive
utility of community mental health resource use. The findings suggest that a case-mix system
based on similar data standards as the inpatient psychiatry can both promote integration of
care across settings and predict community resource use. The extent of this research was lim-
ited by the available data. However, the results suggested that the approach of this research
is appropriate and sensible, and there is a need for substantial collaboration of stakeholders
across the health care system for future development work.
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